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ABSTRACT
Phytoplankton are biogeochemically relevant, sequestering 45 Gt of carbon each
year, roughly equivalent to all terrestrial plants combined. Because of their ecological
importance to marine ecosystems and the biosphere, many have sought to assess the
factors that regulate phytoplankton communities and make projections for how they may
fare in a future ocean. This endeavor has proven challenging as phytoplankton are
incredibly diverse, with varied and unique evolutionary histories. To confront this
complexity, phytoplankton are often distilled down to a few key physiological traits
which have been mathematically characterized. In this simplification, insights regarding
broad ecological trends can be discerned with more accuracy than before. This work took
a trait-based ecological approach to decipher how environmental variables, notably
temperature, shape phytoplankton communities in terms of physiology, diversity, and
elemental composition.
Inter- and intra-specific thermal trait variability were assessed in 24 strains from 5
morphologically cryptic species of the model diatom genus Skeletonema. Colonies were
isolated from a region which they are known to cohabitate and dominate, Narragansett
Bay, RI, and exposed to temperatures ranging from -2ºC to 36ºC to measure growth rates
and elemental composition. Strains and species exhibited the greatest trait variability
towards their thermal minima and maxima. A simple ecological simulation incorporating
these findings demonstrated that differences between the species’ thermal responses were
sufficient to drive diatom species succession in the field.
Though diverse thermal responses have been characterized among phytoplankton,
global studies often apply traits universally across taxa, leading to coarse estimates of

primary production and community structure in the world’s oceans. To address this, we
assessed the thermal response of four ecologically relevant phytoplankton taxa using
empirically derived thermal growth rates. Using modeled sea surface temperatures for
1950-1970 and 2080-2100, we examined each group’s capacity for thermal change, and
potential modifications to their growth rates and geographical distributions under a
climate change scenario. We find phytoplankton functional types to be characterized by
varied temperature dependencies and thermal ranges which would differentially impact
growth and global distribution, with the potential to alter phytoplankton community
structure in a future ocean.
The thermal response is non-stagnant, and can be influenced by other
environmental variables, principally resource availability. Due to the complexity of
natural systems, the effects of temperature and nutrients are often investigated separately
in the lab. To gain a realistic understanding of how environmental variables may interact
to impact phytoplankton physiology and diversity, we incubated a cold-adapted spring
phytoplankton community from Narragansett Bay, RI, at a range of temperatures and
nutrient concentrations. We found nutrients to be the primary driver of species
composition in this community, but temperature and nutrients interacted significantly to
alter phytoplankton growth, shifting species proportions. Taken together, these studies
suggest temperature has both a direct and indirect role in shaping phytoplankton
dynamics, driving seasonal succession and global distributions, and amplifying or
aggravating the nutrient effect, potentially impacting carbon flux and food web dynamics.
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PREFACE
This dissertation is arranged in manuscript format and is sectioned into five
chapters. The first chapter is an introduction to this body of work, showcasing the role of
trait-based methods in improving our understanding of phytoplankton ecology in a
dynamic marine environment. The second chapter describes diatom physiological
variability at thermal extremes and demonstrates how these differences may lead to
species succession in the field. This paper was published in Limnology and
Oceanography. Chapter three characterizes the thermal dependencies and capacities of
four principal phytoplankton functional groups, and makes projections for the fitness of
each group under a future climate change scenario. This manuscript is in review at Nature
Communications. The fourth chapter addresses the roles of temperature and resource
availability on phytoplankton community dynamics, deciphering how each factor
contributes separately and interactively to drive community assemblage. This manuscript
has been prepared for submission to Limnology and Oceanography. Chapter five
concludes with a discussion of the dissertation as a whole, summarizing the implications
of our findings. Lastly, the appendix contains information regarding where all data and
scripts utilized in this work may be found.
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CHAPTER 1

INTRODUCTION
By
Stephanie I. Anderson
Graduate School of Oceanography, University of Rhode Island, Narragansett, RI
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Introduction
Phytoplankton are the microbial powerhouses of the ocean. Though mostly
microscopic, spanning only a few microns in diameter, they are abundant in marine
environments, with millions of cells occurring in a single liter of water. Collectively,
phytoplankton are able to fix 45 gigatons of carbon each year (Falkowski et al. 1998),
roughly equivalent to all terrestrial plants combined (Field et al. 1998). Much of this
carbon is sequestered to the ocean’s interior (Falkowski et al. 1998), altering atmospheric
CO2 and therefore, climate (Raven and Falkowski 1999). As phytoplankton
photosynthesize, they assimilate nutrients into macromolecules (Moore et al. 2013),
making them available for higher trophic levels and altering global biogeochemical
cycles, including that of nitrogen, phosphorus, and silica (Litchman et al. 2015).
As important contributors to Earth’s global processes, countless studies have
sought to better understand the processes regulating phytoplankton dynamics. This has
proven challenging due to the incredible diversity which the phytoplankton comprise,
with distinct evolutionary histories extending over a billion years (Falkowski et al. 2004)
and taxa occupying multiple domains of life. Though the number of extant phytoplankton
species is estimated to be upwards of 100,000 (Mann and Vanormelingen 2013), one way
this diversity has been simplified has been to distill phytoplankton down to the unique
traits which they possess. These include cell size (Chisholm 1992), as phytoplankton
range by several orders of magnitude in diameter (Finkel et al. 2010), and cellular
stoichiometry, as differences in elemental ratios have implications for biogeochemical
cycling (Moore et al. 2013). In addition to these intrinsic traits, there are also
environmental response traits, such as thermal response traits, which vary latitudinally
(Thomas et al. 2012, 2016) and by phytoplankton taxa (Kremer et al. 2017).
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As temperature is known to be one of the greatest drivers of marine organismal
distribution (Poloczanska et al. 2013; García Molinos et al. 2015), shaping phytoplankton
physiology and community structure (Barton et al. 2016), evaluating phytoplankton
thermal traits could provide valuable insight into the mechanisms that shape
phytoplankton community dynamics. In addition, temperature varies along several time
scales, including with short-term events, such as during marine heatwaves (Oliver et al.
2021), seasonally, and with longer-term climatic oscillations, providing several timelines
on which phytoplankton can be assessed. Ocean sea surface temperatures are also
projected to increase over the coming century (Bopp et al. 2013), making temperature a
highly relevant ecological variable.
This dissertation explores the role of temperature in driving phytoplankton
dynamics. Chapter 1 poses the question: How do thermal traits contribute to
phytoplankton temporal dynamics in the field? This chapter characterizes the thermal
traits of closely related, but seasonally differentiated phytoplankton species, evaluating
how temperature drives community composition and seasonal succession. Chapter 2
builds on this work by assessing the thermal traits and capacities of several distinct
phytoplankton functional groups, both now and under a future climate change scenario.
This chapter asks how warming may alter global phytoplankton growth, community
structure, and biogeography. Chapter 3 then adds another highly relevant variable,
nutrients, to evaluate how temperature and resource availability may interact to alter
phytoplankton diversity. Using mesocosm incubation experiments, this chapter better
reflects the complex, multi-variate conditions phytoplankton experience in the natural
world, and characterizes how the effect of temperature may be altered by the nutrient
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field in which thermal changes occur.
These chapters collectively provide new insight into the role of temperature in
shaping phytoplankton dynamics. The first chapter proposes a mechanism for
phytoplankton temporal succession, driven by temperature and variability in thermal
traits. The second chapter establishes differences in phytoplankton thermal dependencies
between taxa that have the potential to result in disparate thermal responses, altering
phytoplankton community composition in a future, warmer ocean. The last chapter
establishes the disparate role of temperature in altering community composition,
dependent on nutrient availability. Together, these findings provide the field with a deeper
understanding of temperature as a driver of phytoplankton community dynamics.
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CHAPTER 2
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By
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Abstract
Organismal distributions are largely mediated by temperature, suggesting thermal
trait variability plays a key role in defining species’ niches. We employed a trait–based
approach to better understand how inter- and intraspecific thermal trait variability could
explain diatom community dynamics using 24 strains from 5 species in the diatom genus
Skeletonema, isolated from Narragansett Bay (NBay), RI, USA, where this genus can
comprise up to 99% of the microplankton. Strain-specific thermal reaction norms were
generated using growth rates obtained at temperatures ranging from -2 to 36ºC.
Comparison of thermal reaction norms revealed inter- and intraspecific similarities in the
thermal optima, but significant differences approaching the thermal limits. Cellular
elemental composition was determined for two thermally differentiated species and again,
the most variation occurred approaching the thermal limits. To determine the potential
impact of interspecific variability on community composition, a species succession model
was formulated utilizing each species’ empirically-determined thermal reaction norm and
historical temperature data from NBay. Seasonal succession in the modeled community
resembled the timing of species occurrence in the field, but not species’ relative
abundance. The model correctly predicted the timing of the dominant winter-spring
species, S. marinoi, within 0-14 days of its observed peak occurrence in the field.
Interspecific variability approaching the thermal limits provides an alternative
mechanism for temporal diatom succession, leads to altered cellular elemental
composition, and thus has the potential to influence carbon flux and nutrient cycling,
suggesting that growth approaching the thermal limits be incorporated into both empirical
and modeling efforts in the future.
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Introduction
Temperature is a principal driver of global organismal distributions in both
terrestrial (Angilletta 2009; Sunday et al. 2012) and marine (Poloczanska et al. 2013;
García Molinos et al. 2015) environments and one of the most important environmental
factors shaping microbial composition in the euphotic ocean (Sunagawa et al. 2015).
Temperature differentially influences growth and cellular metabolism between organisms
(Eppley 1972), which results in thermal niche differentiation among species (Hardin
1960). In microbes, the influence of temperature on growth has been used to characterize
the thermal niche of a species, define thermal traits, and predict a species’ ability to
respond to environmental variability (Litchman et al. 2012). For example, thermal traits
have been utilized to interpret species’ thermal ranges on a global-scale (Thomas et al.
2012; Boyd et al. 2013). However, the utility of thermal traits remains relatively
uncharacterized in terms of their contribution to community dynamics, such as succession
and seasonality.
Thermal reaction norms, or performance curves, describe individual or species
responses to a wide range of temperatures and are parameterized by the thermal traits.
They peak at the thermal optimum and extend to the thermal limits. Between species or
individuals, thermal reaction norms can vary along the temperature axis, both in their
position horizontally and in their magnitude vertically (Kingsolver 2009); two theoretical
examples are depicted in Figure 1 (adapted from Bolnick et al. 2003). In one example,
species display unique growth optima along a thermal gradient that results in clear niche
differentiation between species (Figure 1a). In another example, species display similar
thermal optima and niche widths resulting in less niche differentiation (Figure 1b). While
thermal reaction norms can be differentiated in a multitude of ways, greater
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differentiation, like that depicted in our first example, is readily observed on the global
scale as species tend to assort by optima across latitudes (Thomas et al. 2012). However,
on regional scales, there is insufficient data to characterize how species structure their
niche or its relation to ecological processes such as succession.
This study assessed regional thermal niche partitioning by measuring thermal
reaction norms of co-occurring diatom species over a large temperature range, and
relating their thermal traits to community dynamics in the field. Diatoms are
biogeochemically relevant as they collectively contribute one-fifth of global primary
production (Falkowski et al. 1998; Field et al. 1998). Our focal genus, Skeletonema, is
ecologically important globally (Kooistra et al. 2008; Vargas et al. 2015) and at our study
site in Narragansett Bay (NBay), Rhode Island, USA, where it generally constitutes over
40% of the phytoplankton >10 µm and as much as 99% of the community during the
winter-spring phytoplankton bloom (Karentz and Smayda 1984). Skeletonema is an ideal
model genus because it comprises several morphologically cryptic, closely related
species which occupy different ecological niches (Sarno et al. 2005; Canesi and
Rynearson 2016). In addition, Skeletonema’s abundance, bloom patterns, and seasonal
community composition have been well characterized in NBay (Borkman and Smayda
2009; Canesi and Rynearson 2016), allowing for an unprecedented assessment of the role
of thermal traits in environmental niche partitioning. For example, Skeletonema species
occurrence is strongly correlated with water temperature (Canesi and Rynearson 2016),
suggesting species are characterized by differentiated thermal traits.
We employed a trait–based approach to better explain the correlations between
diatom community composition and environmental variability. We hypothesized that
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species subdivided their environmental niches along a temperature gradient leading to
differentiated thermal optima, resembling the theoretical example shown in Figure 1A.
This diversification would explain the temporal succession observed in the region and
parallel global patterns that link thermal optima to geographic species distribution
(Thomas et al. 2012). To test this hypothesis, we addressed the following questions: (1)
How have closely related diatom species differentiated their fundamental thermal niche?
(2) How does the shape and distribution of thermal reaction norms contribute to species
succession in the field? (3) Do differences in species' thermal niches have implications
for food web dynamics or biogeochemical cycling? Our findings suggest growth
approaching the thermal limits is an important determinant of diatom community
dynamics and that species' thermal niches influence their elemental composition,
potentially impacting food web dynamics and biogeochemical cycling.
Methods
Sample Collection and Cell Isolation
We generated a Skeletonema culture library consisting of strains from
Narragansett Bay (NBay) and the National Center for Marine Algae and Microbiota
(NCMA; formerly the CCMP). Strains originating from NBay were isolated from surface
whole seawater collected from the time series site (41.57N, 71.39W) between 2010 and
2016 (NBay Long-Term Plankton Time Series). In situ surface temperatures were
recorded using a 6920 Multiparameter sonde (YSI Inc., Yellow Springs, Ohio). On dates
when Skeletonema was abundant (>100 cells ml-1), 16 to 80 single chains were isolated
using an SZX16 dissecting microscope (Olympus, Center Valley, PA), washed three times
in sterile filtered seawater, and transferred into 1ml volumes of F/2 media (Guillard
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1975). Skeletonema isolated from June to September were initially transferred into a 1:10
dilution of F/2 media to avoid nutrient shock and later transferred into F/2. Isolates were
cultured at +/- 4ºC of their in situ temperature, but later underwent stepwise acclimation
to 14ºC where they were maintained on a 12:12 LD cycle at 100 µmol photons m-2 s-1.
Species identification
Surviving isolates were identified to species using the 28S rDNA sequence. To
extract genomic DNA, cultures were centrifuged for 10 min at 12,000g (Sigma 4K15
Benchtop Centrifuge) and pellets were resuspended in 0.2 ml Triton X-100 buffer.
Samples were incubated for 30 min at 95oC with agitation and then centrifuged for 10
min at 12,000g (Goldenberger et al. 1995). The 28S rDNA was amplified from the
supernatant using a 10 µl reaction mixture containing 1x BIO-X-ACT Short Mix
(Bioline, USA), 0.5 µM Skel28SF and Skel28SR primers (Canesi and Rynearson 2016),
and 1 µl genomic DNA. The 28S rDNA was amplified in a thermal cycler (Eppendorf AG
22331 Mastercycler, Hamburg, Germany) at 94oC for 3 min, followed by 30 cycles of
94oC for 30 sec, 60oC for 30 sec and 72oC for 1 min, followed by a 10 min extension at
72oC. All amplicons were sequenced unidirectionally using either Skel28SF or Skel28SR
on a 3500XL Genetic Analyzer (Applied Biosystems, Foster City, CA) at the University
of Rhode Island Genomics and Sequencing Center. Skeletonema sequences were
analyzed using Genomics Workbench software, V9.0.1 (CLC, Qiagen, Redwood City,
CA).
A longer portion of the 28S rDNA was amplified and sequenced from isolates
initially identified as S. tropicum and S. grethae because these species could not be
distinguished using the Skel28SF and Skel28SR primers (Canesi and Rynearson 2016).

12

Genomic DNA from those isolates was extracted using the DNeasy Plant Mini Kit
(Qiagen, Hilden, Germany) following manufacturer’s instructions. Domains D1-D3 of
the 28S rDNA were amplified using primers DIR and D3Ca (Lenaers et al. 1989; Scholin
et al. 1994) following the protocol of Godhe et al. (2006). Amplicons were sequenced and
analyzed as described previously.
Thermal Reaction Norm Characterization
In total, 24 strains spanning 5 species were chosen for thermal reaction norm
characterization (Table S1). Thermal growth response was measured for each strain in
temperature-controlled incubators (I-36LLVL Series, Percival Scientific, Perry, IA) with
a 16:8 LD cycle at the optimal growth irradiance of 150 µmol photons m-2 s-1
(Supplemental Methods, Figure S1). Experimental temperatures were characteristic of
NBay (-2 to 25oC) and higher (up to 36ºC), and included 1ºC increments approaching the
thermal limits to accurately capture the limits (Table S2). Strains acclimated to each
temperature for > 8 generations prior to the onset of the experiment. Daily measurements
of in vivo Chlorophyll a fluorescence were recorded using a 10-AU Fluorometer (Turner
Designs, San Jose, CA) or Microplate Reader (Spectramax M Series, Molecular Devices,
Sunnyvale, CA) for test tubes or well plates, respectively. No significant differences were
detected between growth rates obtained using the two instruments (Supplemental
Methods, Figure S2). Following Boyd et al. (2013) and Brand et al. (1981), the specific
growth rate (Gotelli 1995) for each strain at each temperature was calculated using a
minimum of three serial replicates conducted after acclimation to the treatment
temperature. Statistical analyses were utilized to ensure fit and similarity of regression
(R2, F statistic, F-test; Zar 1996) among replicate growth rates for each strain, at each
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temperature. Additional growth curves were measured until at least three consecutive
trials produced growth rates that were not significantly different (Boyd et al. 2013). This
approach ensures strains have acclimated to the treatment temperature, but has the
potential to underestimate uncertainty in growth measurements. The standard error and
coefficient of variation (CV) were calculated for triplicate growth curves, for each strain,
at each temperature.
Thermal reaction norms were generated for each strain using experimental
replicate growth data and the following thermal tolerance function adapted from Norberg
(2004):
µ(#) = '( )* +1 − .

*/0
1
2

4

3 5

(1)

where µ is the specific growth rate as a function of temperature T, w is the thermal niche
width, z is the maximum of the quadratic expression, and a and b are species-specific
parameters. Coefficients for model fit were determined using non-linear least squares
estimations of growth data in R 3.4.1 (R Core Team 2017) and 95% confidence intervals
were estimated for each parameter using the nlstools package in R (Baty et al. 2015).
Thermal traits were then estimated for each strain for which a reaction norm could
be fit (³ 5 temperatures examined). This allowed enough growth-temperature coverage to
be confident in resulting trait estimations. The x-intercepts of each strain-fitted reaction
norm were characterized as the thermal minima and maxima. When the minima fell
below the freezing point of seawater (-2ºC), they were adjusted to -2ºC, as Skeletonema is
not known to inhabit sea ice. Niche widths (the difference between the maxima and
minima), and the thermal optima (the reaction norm maxima) were calculated. Standard
errors in modeled thermal traits were estimated by parametric bootstrapping with 10000
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samples (Supplemental methods). Species trait values were assessed for homogeneity of
variance using Levene’s Test (car package in R, Fox and Weisberg 2011). An ANOVA
and a Tukey’s Multiple Comparison test (DTK package in R, Lau 2013) were performed
to test for differences between species’ trait values (Zar 1996). Data from this study is
available on BCO-DMO (Rynearson 2019).
Carbon and nitrogen composition analysis
The influence of temperature on elemental composition was examined in two
species, S. marinoi and S. pseudocostatum. These species were characterized by different
seasonal occurrences (Canesi and Rynearson 2016), large sample sizes isolated at diverse
temperatures, and significantly different thermal traits, determined during the course of
this study. Experimental temperatures were selected based on the thermal minimum and
maximum for each strain and included an approximate thermal optimum of 22ºC.
Cultures were maintained in temperature-controlled incubators and their growth was
monitored as described previously.
Cell concentrations were determined for each strain at each temperature
immediately before harvesting using 1 ml Sedgewick counting cells (Structure Probe
Inc., West Chester, PA) and an Eclipse E800 microscope (Nikon, Tokyo, Japan). A
minimum of 1000 cells were counted. Linear measurements of height and diameter were
recorded for 30 live cells from each strain and used to calculate cell volume using the
volume of a cylinder (Montagnes and Franklin 2001).
Prior to harvesting, GF/F filters and 20 ml glass scintillation vials were
precombusted at 450ºC for 24 hrs. From each culture and during exponential growth
phase, >1 x 107 cells were filtered in triplicate onto precombusted 25-mm GF/F filters,
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and rinsed with 10 ml F/2 media. Blanks were made to correct for any elemental
contribution from filters or media. All filters were then placed in glass scintillation vials
and stored at -80ºC until further analysis.
Immediately prior to analysis, filters were dried at 60ºC for 24 hrs. The mass of
the filter, total volume filtered, and cell counts were utilized to determine the number of
cells analyzed. Elemental composition was assessed on an elemental analyzer (CE-440,
Exeter Analytical, North Chelmsford, MA), and carbon and nitrogen content per cell,
carbon density, and carbon to nitrogen ratios (C:N) were calculated for each strain. For
each variable, the CV was determined for each species, and species’ elemental
composition was compared using ANOVA.
Construction of a Species Succession Model
A species succession model was developed to determine how thermal trait
variability could impact Skeletonema community composition in NBay. First, a thermal
reaction norm was generated for each species by fitting species-specific parameters (Eq.
1) to growth data from all strains of each species, using non-linear estimations. By taking
the mean for each species, we eliminated biases due to differences in sample size, but did
not account for intraspecific variability. Second, a nonlinear regression was fit to NBay
weekly surface temperature data from 2008 to 2012 (NBay Long-Term Plankton Time
Series), so the modeled Skeletonema community could be compared with field
observations (Canesi and Rynearson 2016), with an additional year for model
stabilization. Due to uneven sampling time steps, temperature data was interpolated
across the time frame using a nonparametric approach (Figure S3a; R Core Team 2017).
Each species' growth rates over time were then estimated using a modified version of
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Equation 1, in which µ was instead a function of temperature at time of year µ[T(t)]
(Figure S3b).
A simulation to determine the influence of thermal trait variability on Skeletonema
community composition in NBay began with equal proportions of each species and
operated under the assumptions that species 1) recieved experimental growth conditions
(i.e. optimal light and nutrient replete conditions) and 2) were maintained in exponential
growth. The number of cells per liter (N) for each species was calculated using an
exponential growth model according to Equation 2 (Cáceres et al. 2013), where the
population size (N) at a given time of year (t) grows according to the difference between
the specific growth rate at that time of year (µ6 ; determined from the modified Eq. 1) and
the grazing rate per day (g). The grazing rate was then modeled to follow a saturating
reponse (Eq. 3) termed the Ivlev response (Ivlev 1945), which has been observed
previously in Skeletonema grazers (Deason 1980) and depicts grazing that increases with
the concentration of available prey.
N(t) = N(6/9) e[<=/>(?)]d6

(2)

g(N) = R C (1 − e/D? )

(3)

Grazing intensifies according to the rate of saturation (E) until it reaches a maximum
grazing rate (FG ). Here, FG in NBay was estimated to be 1.8 d-1 based on Lawrence and
Menden-Deuer (2012). E was adjusted until resulting Skeletonema concentrations were
proportionate to those measured in NBay (NBay Long-Term Plankton Time Series),
which resulted in a E of 1x10-5 cell/L-1. A time step (dt) was also included to control the
rate at which the simulation progressed. The simulation was executed for one year to
allow for model stabilization and then it was evaluated for its ability to explain observed
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Skeletonema communities in the field (Canesi and Rynearson 2016). Cross-correlations
of modeled and interpolated field communities obtained from high-throughput DNA
sequencing (Canesi and Rynearson 2016) were utilized to assess whether the model
accurately predicted species’ bloom timing, and linear models were employed to
determine if the model could account for variability in observed field communities (R
Core Team 2017). Figures were plotted using the R package ggplot2 (Wickham 2016).
Results
Culture Library
Between March 2015 and July 2016, 184 Skeletonema strains were isolated from
NBay, successfully cultured, and their 28S rDNA sequenced. Four species were identified
within the culture library, with 92.4% classified as S. marinoi (S.ma.). Seven strains of S.
marinoi isolated at a diverse range of temperatures (-0.94 to 19.81 ºC) were chosen for
physiological experiments (Table S1). All newly isolated strains characterized as S.
dohrnii (S.d.), S. pseudocostatum (S.p.), and S. grethae (S.g.), as well as all strains
obtained from NCMA were incorporated into the physiological experiments. S. menzelii
(S.me) was not found in the culture library, but an NCMA strain was included in the study
for its ecological relevance (Canesi and Rynearson 2016), leading to a total of 24 strains.
Thermal Trait Variability
Thermal reaction norms could be fit for 19 of the 24 strains examined, allowing
for trait estimations and comparisons. There was substantial overlap in the thermal
response curves of the five Skeletonema species examined (Figure 2). Thermal optima
were only significantly different between two species, S. marinoi and S. pseudocostatum
(Tukey’s, p=0.02, Figure 3a). Niche widths were also not significantly different among
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species (ANOVA, p>0.1, Figure 3b). While the mean niche widths differed between
species by as much as 5ºC (Figure 3b), intraspecific variation was great (i.e. S.g. & S.p.,
s2 >10ºC), resulting in statistical non-significance.
Variability among species was observed at the thermal limits. The thermal minima
were significantly different among species (ANOVA, p=0.01). For several strains, the
exact thermal minima could not be determined before freezing occurred, suggesting a
high capacity for cold tolerance. In contrast, thermal maxima were not differentiated
between species (ANOVA, p>0.9) with the exception of S. marinoi. S. marinoi had a
maximum that was significantly different from all species examined, except S. menzelii
(Tukey’s, S.g., S.p., S.d.: p<0.05). All species displayed maxima of > 30ºC, which far
surpasses temperatures recorded in NBay (NBay Long-Term Plankton Time Series).
Intraspecific variation in the thermal traits mirrored interspecific variation, with
the greatest variation occurring at the thermal limits. Thermal minima and maxima
ranged by as much as 6ºC within each species (Figure 4). Growth rates also varied
approaching the thermal limits. While growth was variable throughout the temperature
range examined (Table S2), the greatest divergence within species was at the thermal
extremes, with growth rates among strains that differed by as much 1 d-1 (Figure 4).
Additional assessments of intraspecific variability were conducted using species
with the largest sample sizes, S. marinoi (n=9) and S. pseudocostatum (n=8). For both
species, the growth rate CV was found to be greatest approaching the thermal limits and
least at the thermal optimum, resulting in a hyperbolic trend (Figure 5a). For strains with
a known SST at time of isolation (S.ma. n=8, S.p. n=7; Table S1), temperature was
utilized to assess whether there could be an evolutionary component to the thermal
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variation observed between strains. There were no significant correlations between
temperature at isolation and growth rate at either the thermal optima (Figure 5b) or at
temperatures approaching the thermal limits (Figure S4).
Carbon and nitrogen composition analysis
The influence of temperature on elemental composition was compared for a
subset of strains from a species with frequent occurrence in winter-spring, S. marinoi
(n=3), and one with frequent occurrence in summer-autumn, S. pseudocostatum (n=4;
Canesi and Rynearson 2016). Trends in carbon density with temperature were opposing
between species, though only significant for S. pseudocostatum (Figure 6a; S.ma. r=0.6
p=0.08; S.p. r=-0.6, p=0.03), with the greatest differences between species at their
respective thermal minima (ANOVA, p<0.01). However, there were no significant trends
in nitrogen density with temperature for either species (S.ma & S.p. R2<0.1, p>0.5;
Figure 6b). This resulted in carbon to nitrogen ratios (C:N) that followed a similar
relationship as that of carbon density. At each species' thermal minimum, S. marinoi and
S. pseudocostatum were characterized by a significant, two-fold difference in C:N
(ANOVA, p<0.01, Figure 6c). However, at the thermal optima (22ºC), both species had
C:N in Redfield proportions with S. marinoi and S. pseudocostatum exhibiting average
C:N of 7.4 and 6.4, respectively. There was a significant correlation between C:N and
growth rate in S. marinoi (r=0.7, p=0.02), but not S. pseudocostatum (r=-0.6, p=0.06;
Figure 6d). For S. marinoi, molar nitrogen per cell was significantly correlated with cell
volume (r=0.8, p=0.01), and the minimum cell volume, and thus elemental content,
occurred at the thermal optimum (Figure S5). Intraspecific variation in C:N for S.
marinoi and S. pseudocostatum was observed, with the C:N CV as high as 18%.
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Maximum intraspecific differences occurred near the thermal minima (Table S3).
Species Succession
A theoretical model was formulated to evaluate the potential influence of thermal
growth variability on Skeletonema community dynamics. To construct this, species’
thermal reaction norms were employed in conjunction with NBay temperature data from
the time series (NBay Long-Term Plankton Time Series). Species’ temperature-growth
data was mapped to weekly SST data from NBay to better understand how species’
growth rates could vary over time (Figure S3). Small differences in the thermal minima
and maxima between species, as well as varied growth rates, resulted in seasonal species
succession in the modeled Skeletonema community (Figure 7a). The model predicted a
shift from a community dominated by S. marinoi and S. dohrnii to one more evenly
composed of all species in the summer months, which generally mirrors that seen in the
field (Figure 7b). Overall, the model did not accurately replicate the percent
composition, magnitude or variability for each species in the field (Figure 7b, Table S6).
However, there was a positive correlation in the timing of peak percent abundance for 4
of 5 species (Figure S6, Table S6). The model was especially effective at predicting the
timing of maximum percent abundance in S. marinoi, as the predicted and actual values
were only offset by an average of 8 days (mean correlation from 2008 to 2011 = 0.85).
When each year was considered separately, the model predicted the timing of maximum
percent abundance exactly for 2010 (cross correlation at lag 0 days=0.917), and was
offset from field observations by 15 days in 2009 (cross correlation at lag -15
days=0.906). In comparison, the predicted peaks for S. menzelii, S. grethae, and S.
pseudocostatum were offset from field data by one to two months.
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Discussion
Several studies have previously utilized thermal reaction norms from literature
compilations (Thomas et al. 2012) or community wide studies (Boyd et al. 2013) to make
inferences about environmental niche partitioning. These approaches afford the large
sample sizes necessary to draw general conclusions about thermal traits across habitats.
We adapted these methodologies in order to understand the role of thermal niche
partitioning on species succession at regional scales, and generated a representative
assortment of thermal reaction norms from species that co-occur in a single area. We
lessened the likelihood of introducing method biases by evaluating strains in one
comprehensive common garden study, where experimental conditions could be
standardized. In addition, the majority of our strains were isolated within a year of
experimentation, which is relevant given that microbes have short generation times,
allowing them to evolve quickly to culturing conditions, potentially influencing thermal
traits (Bennett et al. 1992; Brennan et al. 2017). Furthermore, by including multiple
strains from individual species in this study, we were able to examine thermal trait
variation both within and between species, allowing us to draw conclusions about how
the structure and distribution of species’ reaction norms influence diatom community
dynamics.
Variability at the thermal limits
The distribution of thermal reaction norms among Skeletonema species across the
thermal gradient was unexpected. Given their seasonal occurrence in NBay, we
hypothesized that each species would have a thermal optimum corresponding to the
temperature at which it was most commonly found in the environment (like that shown in
Figure 1a). In NBay, for example, S. marinoi is the dominant Skeletonema species in the
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winter and spring, when it can comprise 99% of the phytoplankton community (Canesi
and Rynearson 2016). We hypothesized that S. marinoi was a thermal specialist with a
preference for, or optimum at, winter-spring temperatures (<10ºC); analogous to S.
marinoi salinity specialists (Sjöqvist et al. 2015). However, our reaction norm
characterizations revealed that Skeletonema species were generally not differentiated by
their thermal optima, as observed in Skeletonema species isolated from the NW Pacific
(Kaeriyama et al. 2011). Instead, we found Skeletonema species to possess wide thermal
niches, characteristic of eurythermal species (Karentz and Smayda 1984), that were
distinguished by differences at the thermal limits, bearing resemblance to the diagram in
Figure 1b. For example, unlike its congeners, S. marinoi showed positive growth up to
the freezing point of seawater (-2ºC), which may explain its dominance during winter and
spring (Canesi and Rynearson 2016), despite its relatively slow growth rates at these
temperatures. Comparably, the four species present in summer (S. menzelli, S. grethae, S.
pseudocostatum, and S. dohrnii) were differentiated from S. marinoi by significantly
higher thermal maxima. These findings are consistent with other NBay species which
similarly have a temperature of occurrence that differs from, and is typically below, their
thermal optimum (Karentz and Smayda 1984).
It has been suggested that adaptation to thermal extremes, such as near-freezing
water, may entail a trade-off to performance at moderate temperatures (Angilletta 2009).
This idea stems from the Principle of Allocation (Levins 1968), which proposes that
advantages are only obtained at a cost to other functionality. Here, we observed that S.
marinoi had the highest growth rates at the lowest temperatures compared with the other
species examined, but the slowest growth rates at the thermal optimum. S. marinoi’s
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realized niche, defined by the species’ ability to thrive in the range of temperatures
characteristic of the region (-2 to 25ºC), was also the greatest of the species examined.
This trade-off between performance at moderate temperatures in favor of extreme
temperatures resulted in a depressed thermal reaction norm, but a wider realized niche for
S. marinoi, which may be more indicative of a thermal generalist (Huey and Hertz 1984),
contrary to our initial hypothesis of winter specialization. These results illustrate how
species may develop thermal strategies through trade-offs and variation at the thermal
limits, in addition to differentiation at the thermal optima.
The shape of thermal reaction norms in this set of closely-related Skeletonema
species may also be constrained by their presumably similar genetic background, which
may influence how thermal reaction norms can change in response to natural selection. In
terrestrial organisms, the evolutionary potential of the thermal maxima is predominately
regulated by phylogeny rather than temperature, and this is reversed at the thermal
minima (Diamond and Chick 2018). However, in diatoms, the evolutionary potential of
thermal traits remains largely unknown (reviewed in Litchman et al. 2012). Evidence
from a single species suggests that thermal adaptation may be quite rapid in diatoms
(O’Donnell et al. 2018; Schaum et al. 2018) with the thermal optima being more
susceptible than the thermal limits to warming (O’Donnell et al. 2018). However, these
findings are not consistent across the phytoplankton (Listmann et al. 2016; Padfield et al.
2016). Studies are needed to compare the evolutionary response of thermal traits in
closely- vs. distantly-related diatom taxa.
Variability drives species succession
To examine how variation at the thermal limits might influence species
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succession, we developed a model that incorporated just three terms: the measured
thermal reaction norms, NBay surface water temperatures, and a density-dependent
grazing term. The model correctly predicted species succession from a less diverse spring
community to a more diverse summer community. It also accurately forecasted the
occurrence of four out of five Skeletonema species to within two months of their actual
dominance in the field. For S. marinoi, the model predicted the exact day the species
would be most dominant in the community for one of the years assessed, and was within
two weeks across three-year model-field data comparison. However, the model could not
accurately predict species’ absolute or percent abundance, only the timing at which
maximum abundance would occur. This could have resulted from additional factors not
accounted for in our model, such as nutrient availability, salinity, or grazing; all of which
vary seasonally in the study region (Windecker 2010; Lawrence and Menden-deuer
2012). Additionally, the species’ reaction norms used in this simple model may not fully
characterize the high diversity present in diatom populations (Rynearson and Armbrust
2005), which could alter predictions of species’ seasonal occurrences.. Despite these
limitations, the model’s ability to replicate field observations of a species rich summerfall community, a less diverse winter-spring community, and yearly variations in the
timing of species succession (Canesi and Rynearson 2016), support temperature as a
strong predictor of temporal species composition.
There were some additional discrepancies between the modeled and measured
Skeletonema composition. For example, the model predicted S. dohrnii to occur during
winter, when it is typically sparse (Canesi and Rynearson 2016). Differences in S. dohrnii
composition may result from direct or indirect competition with other species. For
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example, S. marinoi may be a stronger competitor in spring due to the species’ seasonal
polyunsaturated aldehyde (PUA) production, which hinders predators (Miralto et al.
1999; Taylor et al. 2009). If this proved to be a contributing factor in determining species
composition, a preferential grazing model would have been more fitting than our densitydependent equation, which assumes no preferential grazing among species.
An important point is that species succession in the model was predicted as a
result of differentiation approaching the thermal limits rather than at the thermal optima.
This can be concluded based on the occurrence of each species relative to their thermal
traits. For example, only S. marinoi and S. dohrnii are predicted to be present at cooler
temperatures and this results from their significantly lower thermal minima, which equips
them with greater growth rates at these temperatures. Community succession then occurs
when all species are present, but before any have reached their optima. While it should be
noted that S. marinoi is ultimately outcompeted due to its relatively lower growth rate at
its thermal optimum, the reason for which it is ever dominant lies in its lower thermal
minimum. This signifies that even species with similar thermal optima can have
differentiated seasonal dynamics based on their thermal minima; a conclusion which can
be logically reasoned, but to our knowledge, has not been shown previously.
Most current models of species distribution use modeled estimations of the
thermal limits (García Molinos et al. 2015; Barton et al. 2016) or primarily focus on
differences at the thermal optima (Thomas et al. 2012). While these methods provide
valuable insight into global ecological structuring, they cannot as easily be applied to
regions where genera with non-differentiated optima, like Skeletonema, dominate the
seascape. By incorporating empirically derived thermal limits into phytoplankton species
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distribution models, one may be able to make predictions about phytoplankton
distribution in relation to time as well as space. This added complexity would likely
provide valuable insights into phytoplankton community dynamics.
Biogeochemical implications of variation approaching the thermal limits
Shifts in elemental composition across the thermal reaction norm and between
species can influence biogeochemical cycling. The two species examined, S. marinoi and
S. pseudocostatum, differed in their thermal traits, with significant differences in thermal
minima, maxima, and optima, making them ideal candidates for stoichiometric
comparisons (Martiny et al. 2016). At the thermal minima, the two species diverged in
carbon density and C:N suggesting they have developed different strategies for coping
with the stress of low temperatures. For example, S. marinoi had a lower C:N than S.
pseudocostatum at its respective thermal minima, potentially indicating higher cellular
protein content, which may contribute to positive growth at low temperatures (Geider and
La Roche 2002; Yvon-Durocher et al. 2015; Kirchman 2016). An explanation for the
relationship between C:N and temperature has not yet been established, as thermal trends
in C:N vary significantly from species to species (Thompson et al. 1992; Berges et al.
2002). However, it has been proposed that C:N can deviate from Redfield proportions
under low growth conditions (Goldman et al. 1979; Goldman 1986), which is both
consistent with our observations and may provide some insight into the temperature C:N
relationship. Lower elemental content may also be characteristic of cells with higher
thermal optima, such as S. pseudocostatum (Barton and Yvon-Durocher 2019). Thus, the
impact of temperature on cellular composition may result from several metabolic
strategies occurring simultaneously to cope with thermal extremes.
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The implications of physiological variation at the thermal limits extend to
biogeochemical cycles and trophic dynamics. Our finding that species exhibit varied
elemental composition indicates that temperature-driven shifts in species composition
alter the elemental makeup of primary producers. For example, a shift from S. marinoi to
S. pseudocostatum with warmer temperatures would be accompanied by a shift to higher
C:N. This is consistent with observed seasonal patterns that find higher C:N in the
summer and fall (Frigstad et al. 2011; reviewed in Moreno and Martiny 2018). Such
changes to species and their stoichiometry correspond to shifts in nutritional quality for
higher tropic levels (Sterner and Elser 2002). For example, in zooplankton, eating poor
quality prey (high C:N) decreases assimilation efficiency (Sailley et al. 2014), which can
affect growth (reviewed in Finkel et al. 2010). Decreased assimilation efficiency in
zooplankton can limit nutrient regeneration, altering the composition of particulate matter
in the water column and decreasing primary production (Finkel et al. 2010). Thus, shifts
in species composition have broad implications for carbon and nutrient cycling in marine
environments.
Terrestrial studies have long used the niche space to forecast how species ranges
may be altered by temperature (Kearney 2009), but oceanographic models are still largely
limited in their predictive capacity due to a lack of experimental data regarding the
thermal limits (García Molinos et al. 2015). While studies have been able to define the
niche space using other metrics, such as phytoplankton abundance data, and to predict
future geographic shifts (Barton et al. 2016), our study indicates the value in
experimentally deriving the thermal limits. Identifying the thermal maxima can reveal a
species’ warming tolerance and thermal safety margin (Deutsch et al. 2008) and
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categorizing the thermal minima is relevant for species that rely on a competitive
advantage in colder climates, like S. marinoi. For example, at our study site in NBay,
winter sea surface temperatures have increased by 2.2ºC since the 1960s (Nixon et al.
2009), which has led to a shift in Skeletonema bloom dynamics, from the major yearly
bloom typically occurring in spring, to one that is now increasingly transpiring in summer
and autumn (Borkman & Smayda 2009). This shift may have resulted from a decrease in
competitive advantage for the dominant cold-water species, S. marinoi (Canesi and
Rynearson 2016). It has also been argued that shifts in NBay bloom timing and species
composition are impacting higher trophic levels in NBay (Nixon et al. 2009). Our finding
that Skeletonema species possess varied elemental stoichiometry provides one
mechanism to explain this phenomenon.
Intraspecific Variation
The patterns of thermal variability found within species paralleled those observed
between species, with the greatest intraspecific variation measured at the thermal limits.
For example, approaching the thermal minima, strains of S. marinoi had growth rates that
varied by as much as 1 d-1, or nearly 1.5 doublings d-1. Strains of S. pseudocostatum
expressed diverse thermal maxima, resulting in large coefficients of variation at the
thermal limits (45%) but not at the thermal optima (2%). Examples of intraspecific
variation at the thermal limits have been noted in other phytoplankton species, like T.
rotula (Whittaker et al. 2012; Boyd et al. 2013). This phenomenon has also been well
characterized in terrestrial organisms, where performance rapidly decreases away from
the optimum, but not always at a similar rate among individuals (reviewed in Dowd et al.
2015). Our findings highlight the high degree of variability that exists within the species’
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niche, which can only be captured through the characterization of multiple strains within
a species. The level of intraspecific variation captured here suggests that evaluation and
extrapolation of single strains to represent species with high levels of physiological
diversity should be conducted with care, as they may only represent a fraction of the
niche that a species occupies.
Conclusion
Several models have been formulated to explain how organisms structure their
environmental niche, including those presented in Figure 1 (Bolnick et al. 2003). Often,
species are thought to differentiate their growth optima along environmental gradients
(Figure 1a, Godhe & Rynearson 2017), resulting in species succession with each
conditional shift. Our results suggest that variation at the thermal limits can influence
community structure and provide a mechanism for species succession. The species
examined in this study were characterized by wide thermal niches, with similar optima,
but significant divergence at the thermal limits – more closely aligning with Bolnick et
al.’s second theoretical model (Figure 1b). Incorporation of thermal limits into models of
phytoplankton community structure as well as variable elemental compositions should
enable more precise projections of how phytoplankton communities may shift with future
temperature fluctuations. By relating variability at the thermal limits to temporal
community composition in the field, our study identified an alternative, and often
overlooked, aspect of phytoplankton species' niche space.
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Figure 2. Thermal response curves for each species examined. Curves were constructed
from growth data obtained from multiple strains and parameterized using non-linear least
square estimations (Thomas et al, 2012). Points signify the mean growth rates for each
strain, and error bars denote standard error from triplicate growth trials. S. marinoi
displayed the lowest thermal minima (n= 9), while S. dohrnii (n=3), S. menzelii (n=1), S.
grethae (n=3), and S. pseudocostatum (n=8) were characterized by higher thermal
maxima and a greater average growth rate at high temperatures.

39

a

b 38

S. dohrnii

Niche Width (ºC)

n=2

S. marinoi
n=9

S. pseudocostatum
n=5

S. menzelii
n=1

36
34
32
30

S. grethae

Temperature (ºC)

S. grethae

30

S. menzelii

20

S. pseudocostatum

10

S. marinoi

0

S. dohrnii

n=2

Figure 3. Thermal trait variability in Skeletonema species. The thermal minimum (a,
blue), thermal optimum (a, black), thermal maximum (a, red) and niche width (b) were
estimated for each strain based on the model by Norberg (2004). Traits are only shown
for strains that had sufficient data to fit a Norberg curve (19 of 24). Boxplots are shown
for species with ³3 strains and display the median and lower and upper quartiles of trait
distributions within each species, with points representing trait outliers. For species with
<3 strains assessed, traits are shown as points and error bars denote the standard error in
model fit estimated through parametric bootstrapping (not visible if smaller than symbol).
S. dohrnii had the greatest niche width of the species examined. Species displayed similar
thermal optima, but were characterized by significantly different thermal minima
(ANOVA, p=0.01).
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strain (points) using non-linear least square estimations (Thomas et al, 2012). Each panel
displays strains from a single species. S. menzelii has been omitted from this intraspecific
analysis as only one strain was examined. The number of strains examined for which a
response curve could be fit (³5 temperatures assessed, n) may differ from the total
number of strains examined (N and open circles), if there were strains with insufficient
data. Error bars denote standard error from triplicate growth trials.
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Figure 5. Growth variability within species increases towards the thermal limits. (a) The
growth rate coefficient of variation (CV) was calculated for S. marinoi (black, solid line)
and S. pseudocostatum (white, dashed line) at each temperature where at least two strains
exhibited positive growth. The CV between strains (points) displayed a quadratic trend
for each species (lines), signifying increasing growth variability towards the thermal
extremes. (b) The thermal optima for n=eight strains of S. marinoi, estimated using
strain-fitted reaction norms, were not related to sea surface temperature at time of
isolation (R2<0.2). Error bars denote the standard error in modeled thermal optima
derived from parametric bootstrapping.
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Figure 6. Species elemental composition diverged at the thermal limits. (a) The carbon
density of S. marinoi (grey, n=3) was significantly greater than S. pseudocostatum (white,
n=4) at temperatures approaching species thermal minima, 4ºC and 9ºC respectively. (b)
Nitrogen density did not vary significantly between temperature treatments for either
species (Tukey’s, p>0.1) resulting in (c) a C:N resembling carbon density trends, with the
greatest differences again observed at the thermal minima. Some variability in C:N may
have resulted from differences in growth (d) as C:N was correlated with specific growth
rate for both species (S.m. r=0.7, p=0.02; S.p. r=-0.6, p=0.06). Boxplots are shown for
temperatures at which ³3 strains were examined and display the median, and lower and
upper quartiles of elemental distributions within each species. Points depict mean values
for triplicate samples and error bars display the standard error.
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Figure 7. Comparison between (a) the modeled Skeletonema community over time and
(b) an observed Skeletonema community from December, 2008 to October, 2011 (Canesi
and Rynearson 2016) show a strong correlation in the timing of peak occurrence for each
species. Simulation (a) utilizes experimental growth data, NBay weekly temperature data
from the NBay Long Term Plankton Time Series, and the Ivlev (1945) model for grazing
to depict how thermal trait variability could influence community composition in the
field. Note that the y-axis scales differ to allow for comparison in the timing, rather than
magnitude, of peak abundance for different species.
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Optimal Irradiance
Optimal irradiance was determined prior to the onset of the temperature
experiments in order to ensure that light was non-limiting. Four Skeletonema strains from
the NCMA (CCMP 1804, 1332, 793, and 2478) and two strains previously collected in
NBay (SkelB and SkelF) were cultured in triplicate at 95, 150, and 190 µmol photons m-2
s-1 at both 9 and 15ºC in 60 ml test tubes. Chlorophyll a fluorescence was recorded daily
using a Turner 10-AU Fluorometer (Turner Designs, San Jose, CA). Growth rates were
then estimated by performing a linear regression on log transformed fluorescence data as
described in the main text (Figure S1). The irradiance level that resulted in the greatest
growth rates at both temperatures, 150 µmol photons m-2 s-1, was consistent with
literature values (Yoder 1979; Kaeriyama et al. 2011) and selected for temperature growth
experiments.
Culturing Vessel Comparison
A comparison of different protocols to obtain the maximum acclimated growth
rate was conducted over the course of 22 growth trials utilizing strains and temperatures
that still needed to be analyzed for the thermal growth response. Cultures were inoculated
into 60 ml test tubes and 48-well plates, grown simultaneously, and in vivo Chlorophyll a
fluorescence was measured daily using a Turner 10-AU Fluorometer (Turner Designs,
San Jose, CA) for test tubes, or Microplate Reader (Spectramax M Series, Molecular
Devices, Sunnyvale, CA) for well plates. Growth rates were estimated using a linear
regression analysis on log transformed fluorescence data. A one-way ANOVA was
conducted to determine whether differences between growth rates from well plates and
test tubes were significant.
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Trait Uncertainty
Uncertainty in modeled traits was assessed by first calculating the confidence
interval for each reaction norm parameter with the nls tools package in R (Baty et al.
2015). The error in estimated trait values was then assessed by parametric
bootstrapping with 10000 samples (R Core Team 2017). This method randomly draws
new parameter values from a normally distributed sample within each parameter’s
confidence interval to subsequently generate new thermal reaction norms. Traits are
then estimated from each curve. This process is repeated 10000 times for each strain,
allowing for the computation of the standard error in trait values.
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Table S1. Twenty-four strains of Skeletonema species were examined for their thermal
response. N indicates the total number of strains used in experiments.
Species

Strain

Geographical Origin

Skeletonema
dohrnii
N=3

SdohA

Skeletonema
marinoi
N=9

Skeletonema
pseudocostatum
N=8

Skeletonema
grethae
N=3

Skeletonema
menzelii
N=1

41.57N, 71.39W

Collection date
mm/dd/yyyy
10/19/2015

Collection water
temperature (ºC)
14.18

GenBank
accession
MH673585

SdohB

41.57N, 71.39W

7/5/2016

20.84

MH673586

SkelB

41.57N, 71.39W

11/22/2010

6.1

MH673579

SmarA

41.57N, 71.39W

3/3/2015

-0.94

MH673587

SmarB

41.57N, 71.39W

3/3/2015

-0.94

MH673588

SmarC
SmarD
SmarE
SmarF
SmarH
SkelF
CCMP1332
SpseA

41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W
41.23N 73.06W
41.57N, 71.39W

3/16/2015
6/10/2015
6/10/2015
6/10/2015
6/22/2015
11/22/2010
5/9/1956
7/27/2015

1.48
16.66
16.66
16.66
19.81
6.1
Unknown
21.56

MH673589
MH673580
MH673581
MH673590
MH673582
MH673578
AJ633529
MH673591

SpseB
SpseC
SpseD
SpseE
SpseF

41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W
41.57N, 71.39W

8/4/2015
8/4/2015
8/10/2015
6/13/2016
7/5/2016

22.91
22.91
22.86
16.52
20.84

MH673583
MH673592
MH673593
MH673594
MH673595

SpseG

41.57N, 71.39W

7/5/2016

20.84

MH673596

CCMP2478
SgreA

40.90N 14.15E
41.57N, 71.39W

5/20/2002
8/14/2015

Unknown
23.02

AJ633513
MH673577

SgreB

41.57N, 71.39W

6/21/2016

18.64

MH673584

CCMP1804
CCMP793

41.43N, 71.46W
41.57N, 70.58W

8/1/1995
7/18/1982

Unknown
Unknown

AJ633522
AJ633528
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Table S2. Growth variability for each species at each temperature examined. The number
of strains for which a positive growth rate was recorded is given by n, whereas N
represents the total number of strains examined at each temperature. For some species,
additional strains were incorporated approaching the thermal limits to bolster confidence
in limit position. Only replicates resulting in positive growth rates were used in
calculations. When n=1, statistics represent variation in a single strain. Complete data set
available through BCO-DMO (Rynearson 2019a).

Species
S. dohrnii

S. marinoi

S. pseudocostatum

S. grethae

Temperature
(ºC)
-2
-1
2
4
9
15
22
30
34
35
-2
-1
4
9
15
22
25
27
30
32
-1
4
9
15
22
25
27
30
32
33
35
36
1
4
9
15
22

Number of
Strains
n(N)
0(1)
1(1)
0(1)
3(3)
2(2)
2(2)
2(2)
2(2)
0(1)
0(1)
0(2)
7(7)
9(9)
9(9)
9(9)
8(8)
9(9)
3(3)
1(9)
0(1)
1(1)
1(7)
6(6)
5(5)
6(6)
5(5)
1(1)
4(5)
0(1)
3(4)
1(1)
0(5)
0(1)
1(2)
2(2)
2(2)
2(2)
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Mean
growth rate
(µ d-1)
0.00
0.15
0.00
0.52
0.98
1.47
1.77
1.37
0.00
0.00
0.00
0.12
0.61
0.98
1.29
1.49
1.47
1.36
1.25
0.00
0.07
0.48
0.83
1.33
1.79
1.90
1.56
2.05
0.00
1.26
0.00
0.00
0.00
0.27
0.95
1.42
1.65

Standard
Deviation
(µ d-1)
NA
0.07
NA
0.11
0.11
0.08
0.10
0.13
NA
NA
NA
0.04
0.20
0.11
0.11
0.13
0.15
0.19
0.01
NA
0.03
0.08
0.10
0.22
0.20
0.06
0.02
0.18
NA
0.49
NA
NA
NA
0.13
0.03
0.12
0.08

Coefficient of
Variation
(%)
NA
45.31
NA
21.33
11.11
5.66
5.68
9.58
NA
NA
NA
35.67
33.77
10.89
8.26
8.49
9.96
13.75
0.76
NA
46.79
15.90
11.92
16.71
11.40
3.41
1.46
8.60
NA
38.83
NA
NA
NA
47.41
3.20
8.44
4.90

S. menzelii

25
30
32
34
35
4
9
15
22
30
35

2(2)
2(2)
0(1)
0(1)
0(1)
0(1)
1(1)
1(1)
1(1)
1(1)
0(1)

1.70
1.52
0.00
0.00
0.00
0.00
0.67
1.27
1.83
1.31
0.67
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0.19
0.18
NA
NA
NA
NA
0.02
0.04
0.14
0.12
0.02

11.32
11.93
NA
NA
NA
NA
3.18
3.16
7.69
8.85
3.18

Table S3. Elemental concentrations and volume for S. marinoi (n=3) and S. pseudocostatum (n=4) evaluated at the thermal minimum,
maximum, and optimum for each strain. The coefficient of variation (CV) was calculated between strains for each volume and
elemental measurement. Complete data set available through BCO-DMO (Rynearson 2019b).

Species
S. marinoi

S. pseudocostatum

Temperature
(ºC)
4

n
3

Volume
(µm3)
210

22

3

27

CV
0.10

C density
(fmol µm-3)
2.45

111

0.22

3

192

9

4

22

CV
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CV

C:N

CV

0.19

N density
(fmol µm-3)
0.51

0.27

4.88

0.18

3.57

0.07

0.49

0.13

7.41

0.08

0.15

3.87

0.41

0.60

0.28

6.34

0.13
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0.19

5.27

0.14

0.61

0.15

8.75

0.13

4

75

0.38

5.04

0.35

0.79

0.32

6.37

0.04

27

1

74

NA

4.83

NA

0.74

NA

6.51

NA

33

3

147

0.41

2.40

0.28

0.43

0.31

5.68

0.04

Table S4. Growth coefficients for each of the five Skeletonema species examined.
Coefficients were determined using species specific growth data and non-linear least
squares estimations according to Thomas et al. (2012).
a
-1

b
-1

z

w

(d )

(ºC d )

(ºC)

(ºC)

S. marinoi

0.601

0.056

13.530

34.572

S. pseudocostatum

0.739

0.043

18.908

34.130

S. grethae

0.891

0.034

18.082

32.568

S. dohrnii

0.749

0.045

16.443

36.396

S. menzelli

0.842

0.036

19.452

31.078

Species

53

Table S5. Growth coefficients for each of the nineteen strains for which a complete thermal reaction norm was obtained. Coefficients
were determined using species specific growth data and non-linear least squares estimations according to Thomas et al. (2012). Thermal
traits were estimated based on each species modeled thermal reaction norms.
Model Coefficients

Estimated Thermal Traits

Strain

a
(d-1)

b
(ºC d-1)

z
(ºC)

w
(ºC)

Tmin
(ºC)

Tmax
(ºC)

Topt
(ºC)

Niche
Width
(ºC)

S. dohrnii
n=2

SdohA
SkelB

0.568
0.940

0.062
0.033

14.935
17.053

38.262
36.035

-2.0
-1.0

34.1
35.1

23.8
22.0

36.1
36.0

S. marinoi
n=9

SmarA
SmarB
SmarC
SmarD
SmarE
SmarF
SmarH
CCMP1332
SkelF
SpseA
SpseB
SpseD
SpseE
CCMP2478
SgreA
CCMP1804

0.378
0.451
0.474
0.385
0.530
0.753
0.580
0.685
0.458
0.571
0.284
0.279
1.087
1.145
0.455
1.302

0.098
0.073
0.075
0.088
0.064
0.048
0.061
0.044
0.065
0.057
0.093
0.098
0.016
0.029
0.068
0.015

5.880
11.604
10.757
10.788
11.910
13.617
13.446
15.745
14.080
19.333
14.205
15.626
19.976
19.307
16.390
19.460

48.528
36.954
38.676
38.825
36.300
32.940
38.099
28.622
31.880
33.373
43.922
28.837
32.455
31.858
35.513
31.623

-2.0
-2.0
-2.0
-2.0
-2.0
-2.0
-2.0
1.4
-1.9
2.6
-2.0
1.2
3.7
3.4
-1.4
3.6

30.1
30.1
30.1
30.2
30.1
30.1
32.5
30.1
30.0
36.0
36.2
30.0
36.2
35.2
34.1
35.3

22.0
20.9
20.9
21.9
20.2
19.3
22.2
19.9
20.9
26.0
27.9
23.1
22.1
22.8
24.7
21.3

32.1
32.1
32.1
32.2
32.1
32.1
34.5
28.6
31.9
33.4
38.2
28.8
32.5
31.9
35.5
31.6

CCMP793

0.842

0.036

19.452

31.078

3.9

35.0

23.5

31.1
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Species

S. pseudocostatum
n=5

S. grethae
n=2
S. menzelii
n=1

Table S6. Mean cross-correlation between the timing of Skeletonema species percent
abundance in the model and field data (Canesi and Rynearson 2016) across the three year
time period. Lag describes the absolute difference in timing (days) of maximum percent
abundance between the two data sets. Coefficient of determination (R2) characterizes the
linear relationship between each data set’s percent abundance over time.

Species
S. dohrnii
S. marinoi
S. pseudocostatum
S. grethae
S. menzelii

Mean
crosscorrelation
at lag 0
-0.41
0.85
0.40
0.22
0.37

Mean
maximum
crosscorrelation
0.66
0.86
0.65
0.52
0.57
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Mean lag at
maximum
(days)
204
8
49
80
53

R2
0.25
0.65
0.06
0.06
0.09

Figure S1. Six Skeletonema strains underwent initial growth experiments at various light
levels to discern optimal irradiance. Experiments were conducted at 9ºC and 15ºC. Points
denote average growth rates for each strain examined and error bars denote standard error
for triplicate growth curves. Species expressed the greatest growth rates at 150 µmol
photons m-2 s-1 for both temperatures. This irradiance level was determined to be the point
at which light was non-limiting.
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Figure S2. Specific growth rate (d-1) comparison between 48-well plates and 60 ml test
tubes for 15 strains at 4, 9, and 30ºC. Blue line depicts linear regression fit for data and
black dashed line represents the 1:1 line for comparison. No significant difference was
found between growth rates measured in each culturing vessel (ANOVA, F(1,22)=0.001,
p=0.96).
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0.0 0.5 1.0 1.5 2.0

0

Temperature (ºC)
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S. dohrnii
S. menzelii
S. grethae
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Figure S3. (a)Weekly sea surface temperatures (points) recorded in NBay from 20082012, collected as part of the NBay Long Term Plankton Time Series. Line denotes
interpolated trend utilized in species succession model construction. (b) Theoretical
growth rates for each Skeletonema species calculated using empirical growth data and
weekly temperature trend (a).
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−1ºC

0.16

33ºC

r=-0.40, p=0.07
n=7

r=0.91, p<0.05
n=3

Specific Growth Rate (d−1)

1.5
0.12
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0.08
0.04

18
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0.6
0.4
0.2

r=0.40, p=0.05
n=8

0
5
10
15
20
Isolation Temperature (ºC)

Figure S4. Change in specific growth rate with isolation temperature for S. marinoi
(black) and S. pseudocosatum (white, dashed line) approaching the thermal limits, at -1, 4
and 33ºC. Points denote mean of triplicate growth trials and error bars denote the
standard error in growth measurements (not visible if smaller than symbol); note that the
y-axes differ for each panel. Only strains that survived at these temperatures (n) were
included in correlation calculations. While correlations were greatest approaching the
thermal limits, they were only statistically significant for S. pseudocosatum (p<0.05).
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y = −0.14 + 6.9 × x, r 2 = 0.72
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Figure S5. Relationships between cellular composition, volume, and temperature were
characterized for S. marinoi (n=3, black) and S. pseudocostatum (n=4, white). Carbon
and nitrogen densities (a) were significantly correlated across strains from both species
(line, p<0.01). In each figure, points denote elemental or volume characterizations for
each strain at each temperature and error bars denote standard error between triplicate
samples. Boxplots are shown for temperatures at which ³3 strains were examined. Only
temperatures marked on the axis were analyzed.
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Figure S6. Cross-correlation between the timing of Skeletonema species percent
abundance in the model and field data (Canesi and Rynearson 2016) across the three year
time period. Lag describes the difference in timing (days) of maximum percent
abundance between the two data sets. Correlation characterizes the degree to which
modeled sinusoidal percent abundance corresponds with that in the field. Accuracy in
model predictions can be visualized by a high positive correlation in proximity to lag 0.
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Abstract:
Marine phytoplankton generate half of global primary production1, making them
essential to ecosystem functioning and biogeochemical cycling. Though phytoplankton
are phylogenetically diverse, studies rarely designate unique thermal traits to different
taxa2–4, resulting in coarse representations of phytoplankton thermal responses. Here we
assessed phytoplankton functional responses to temperature using empirically derived
thermal growth rates from four principal contributors to marine productivity: diatoms,
dinoflagellates, cyanobacteria, and coccolithophores. Using modeled sea surface
temperatures for 1950-1970 and 2080-2100, we explored potential alterations to each
group’s growth rates and geographical distribution under a future climate change
scenario. Contrary to the commonly applied Eppley formulation5, our data suggest
phytoplankton functional types may be characterized by different temperature
coefficients (Q10), growth maxima thermal dependencies, and thermal ranges which
would drive dissimilar responses to each degree of temperature change. These
differences, when applied in response to global simulations of future temperature, result
in taxon-specific projections of growth and geographic distribution, with low-latitude
coccolithophores facing considerable decreases and cyanobacteria substantial increases in
growth rates. These results suggest that the singular effect of a changing temperature may
alter phytoplankton global community structure, owing to the significant variability in
thermal response between phytoplankton functional types.
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Main Text:
Phytoplankton are the primary contributors to marine productivity1, fixing
roughly 45 gigatons of carbon each year6. Like other organisms, both terrestrial7 and
marine8, phytoplankton are susceptible to climate change-driven warming, but
constraining how their communities may change in a future ocean remains challenging,
as phytoplankton comprise phylogenetically diverse organisms with disparate
evolutionary backgrounds. As a collective group, warming will directly impact their
metabolic rates, potentially altering global primary production3. The directionality of the
productivity response, either positive or negative, will depend on the temperature
sensitivity of phytoplankton3,9,10 and the diversity of thermal niches they occupy3,4,11.
Universal thermal traits are commonly applied across all phytoplankton taxa, resulting in
coarse estimations of community structure and productivity both in present day and
future oceans2–4,12.
Though much work has been done to establish that thermal traits vary among
phytoplankton species13–18, the ecological implications of differing thermal responses
have not been fully explored, despite their clear relevance for understanding
phytoplankton community structure and productivity. For example, because
phytoplankton species have variable thermal responses, changes in water temperature
may lead to differential changes in growth rates and shifts in distribution19. Over time,
disparities in the thermal response and adaptive migrations could alter community
structure in the world’s oceans20–23, potentially resulting in future communities with
species compositions that have no analog to the present day24.
In this study, we assessed the relative capacities of phytoplankton to cope with
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ocean warming and illustrated the implications of varied thermal traits on growth and
geographic range. We began by characterizing the thermal responses of key
phytoplankton functional types (PFTs), and departed from previous studies by defining
each group’s unique temperature-PFT interaction. This insight is essential to deciphering
a suite of global biogeochemical processes, as changes in PFT composition can drive
shifts in biogeochemical stability6, carbon export efficiency25,26 and nutrient cycling27.
The PFTs we evaluated included four principal contributors to marine productivity:
diatoms, dinoflagellates, coccolithophores, and cyanobacteria. We then employed sea
surface temperature projections from an ensemble of Earth System Models to assess how
PFT growth and geographical range may be altered in a future ocean. Though a multitude
of factors (e.g. nutrient supplies, ocean acidification, irradiance) ultimately influence
phytoplankton distributions and global primary productivity28, we focused on the impact
of temperature in a future world alone, as: a) sea surface temperature is widely believed
to play a key role in shaping phytoplankton physiology and community structure, and b)
confidence in ocean surface temperature projections at regional and larger scales over the
coming century are high compared with other environmental factors such as light and
nutrients22,29, which are impacted by complex biological processes.
Disparities in the Thermal Response
With previous meta-analyses16,17 as a starting point, we compiled and quality
controlled growth rates from 243 marine phytoplankton strains comprising 3,246 discrete
growth rate measurements at a broad range of temperatures and locations (Table 1,
Extended Data Fig. 1, Methods) in order to characterize the thermal response of diatoms,
dinoflagellates, coccolithophores, and cyanobacteria. For these analyses, we constrained
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the cyanobacteria to exclude diazotrophs, as they are subject to fundamentally different
physiological processes and the data available is sparse (Methods). Thermal reaction
norms, curves characterizing growth as a function of temperature, were fit to individual
strain growth measurements using an adapted Norberg curve (Fig. 1)20 and used to
evaluate the growth maxima (µmax, Fig. 2A inset) for each strain. The thermally viable
range of each strain was then assessed using a 20% thermal performance breadth,
calculated as the temperature range where growth rates were at least 20% of the µmax for
that strain (Fig. 2A inset, Methods). Evaluating the range in this manner reduced biases
from highly skewed thermal reaction norms, brought about by inadequately defined
thermal minima (Fig. 1).
Our analyses identified several disparities among PFT thermal responses. While all
PFTs were characterized by negatively skewed thermal reaction norms, in which the rate
of change in growth rate was less at temperatures below the thermal optima (Topt;
temperature at µmax) than at those above (Fig. 2A), PFTs were found to vary in their
thermally viable range. For example, though cyanobacteria are known to have a narrower
niche, and diatoms a wider niche, than other PFTs16, consistent with our study (Dunn’s
Test, p<0.05), the positioning of their respective ranges also varied along the thermal
gradient, with cyanobacteria not able to survive temperatures less than 9.5ºC (Extended
Data Fig. 2A). Conversely, only 17% of the coccolithophores within our dataset were
viable at temperatures greater than 30ºC, compared with >60% for all other groups
examined. Variation in the viable range was not significantly correlated with PFT sample
size (Pearson’s correlation, df=2, p>0.2). Strains from each PFT were also differentiated
by the shapes of their thermal reaction norms. For instance, dinoflagellates had shallower
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slopes ascending to and descending from the µmax (Fig. 2A), resulting in flatter curves
(Fig. 1). This may be due to their significantly lower (Dunn’s Test, p<0.01) and less
variable µmax than all other groups examined (Extended Data Fig. 2B), consistent with
previous findings18. One explanation for dinoflagellates’ differing thermal reaction norms
may be their frequent exposure to thermal fluctuations resulting from their tendency to
perform diel vertical migrations30, a behavior that may have led to an evolutionary tradeoff in which an enhanced thermal breadth (viable range) developed at the expense of
µmax31. These instances of variability, taken together, suggest PFT’s may have dissimilar
responses to thermal fluctuations and long-term climate change.
The temperature dependence of each PFT's maximum growth rate can be described
using an exponential function5,32 (Figs. 1 and 2B), which is commonly employed in Earth
system models2,10,33, satellite-based estimates of primary production12, and growth rate
standardizations34. However, most models apply the same temperature sensitivity (i.e.
Q10) across all phytoplankton types2, which has the tendency to lead to over or
underestimations of productivity depending on which PFT is the principal contributor in a
given region35. To address this, we conducted the most comprehensive assessment of the
marine phytoplankton thermal response to date, both in terms of the amount of data
utilized and in our taxonomic differentiation of the thermal response (Table 1). We
modeled the µmax as a function of temperature by fitting exponential curves to growth
rates from each PFT32. By characterizing the thermal response in this way, the
temperature-PFT interaction could be numerically accounted for in each equation’s
exponent (Extended Data Table 1), as had not been done previouslye.g.17, allowing for
unique temperature coefficient’s (Q10) to be calculated for each group. The Q10 describes
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the thermal sensitivity of the PFT maximum growth rate (modeled µmax) with each 10ºC
of temperature increase.
Our results differed from the well-established and widely used Eppley curve5,
which characterized the thermal sensitivity of phytoplankton maximum growth rates
(Q10) as 1.88. We instead found the four functional types examined to have a collective
Q10 of 1.46 (Extended Data Fig. 3), closer to more recent evaluations17, but widely
varying Q10 values when assessed separately (Fig.1, Table 1). Relative to Eppley,
cyanobacteria displayed a higher Q10 of 2.13, and diatoms, coccolithophores, and
dinoflagellates exhibited lower Q10 values of 1.56, 1.42, and 1.67 respectively (Table 1).
While several studies have suggested that Eppley’s Q10 of 1.88 may be an overestimation
of phytoplankton thermal sensitivity17,36, we instead propose that depending on the PFT,
Eppley’s value may be either an over- or underestimation, and taxonomically resolving
the Q10 can aid in accurately assessing the phytoplankton thermal response.
While thermal sensitivities describe the slope of the exponential function, the PFT
maximum growth rate (modeled µmax) at a given temperature can provide a more absolute
comparison between PFTs. For example, at 20ºC, diatoms and coccolithophores have the
greatest modeled µmax despite having the lowest Q10 values (Table 1, Fig. 2B). This may
indicate a higher competitive ability from a growth rate standpoint, even though their
thermal growth response, in terms of rate change, may be less. When looking across the
full range of temperatures, diatoms exhibit the greatest modeled µmax of all the PFTs
examined (Fig. 2B) supporting the theory that they are r-strategists37, maximizing growth
when conditions are favorable. These findings also suggest that diatoms would dominate
in favorable conditions (e.g. replete nutrients), which is consistent with several studies of
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diatom-coccolithophore competition in modern day oligotrophic regions 37–39 and in the
paleo record40. The high µmax values relative to other PFTs may also explain diatoms’
propensity to excel in anomalous thermal conditions, such as marine heat waves41,42,
which have increased in frequency over the last century43 and which are projected to
intensify in the future44.
Though the exact cause for these physiological differences remains unknown, the
four PFTs represent distinct phyla with complex evolutionary histories spanning over 1
billion years, including two separate endosymbiotic events45–47, which may underlie their
unique thermal responses. Together, these findings support differentiating functional
groups when assessing the phytoplankton thermal response and implementing growth
rates in modeling studies.
Thermal Capacity Across Latitudes
One of the many uses of thermal reaction norms is to evaluate thermal traits, such
as the upper thermal limit (Tmax) and the optimal temperature for growth (Topt) (Fig. 3A).
When an organism’s environment is assessed in relation to these traits, one can begin to
evaluate species-level thermal capacity, or tolerance for warming48. Here, we utilized
three simple metrics, two of which are well-established7,8,48,49, to characterize thermal
capacity at the functional type level and illustrate varied traits in an ecological context.
The thermal safety margin (TSM, Fig. 3B) describes an organism’s thermal proximity to
its µmax, using the difference between the organism’s mean habitat temperature (Thab) and
its Topt7. Second, we defined a new metric, termed the distance to the growth equivalence
(DGE, Fig. 3C), which describes the distance (ºC) to the temperature above Topt at which
the growth rate is equivalent to that at the Thab (Tµequiv). This distance metric describes the
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warming that an organism can endure before its growth rate falls below that at the Thab.
The DGE and the TSM are similar, but the DGE accounts for growth potential above the
Topt, as phytoplankton are known to persist at sub-optimal temperatures20. While the DGE
is only relevant for phytoplankton currently inhabiting temperatures below their Topt, it
allows for a more accurate depiction of organismal thermal capacity, showcasing the
greater thermal range that can be tolerated before growth rates decline. Finally, the
warming tolerance (WT, Fig. 3D), characterizes the amount of warming that can be
tolerated before cell death occurs7.
From these metrics, we find that while many mid-latitude and equatorial strains
may be inhabiting temperatures above their Topt (Fig. 3B, negative TSM), the majority of
strains are buffered from potential cell death by a substantial WT (Fig. 3D). Additionally,
the DGE suggests more warming may be tolerated before growth decreases from that at
its baseline Thab (Fig. 3C), which is critical to consider when evaluating processes such as
primary production in a future ocean. While latitudinal trends in individual phytoplankton
traits, such as Topt and Tmax16, may increase towards the equator, they do not scale at the
rate of the Thab resulting in the observed hyperbolic tendency in the TSM and WT. This
hyperbolic trend is consistent with other marine species48, as well as terrestrial
ectotherms7, highlighting the potentially limited capacity of organisms to cope with
warmer waters towards the equator. This suggests that in a future ocean, temperature
could alter the composition of existing phytoplankton communities. We found no
significant differences in WT or DGE between PFTs (Kruskal-Wallis, p>0.05; Fig. 3
insets), but cyanobacteria did have a significantly greater TSM from either diatoms or
dinoflagellates (Dunn’s test p<0.05), indicating they often inhabit climates further below
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their optima.
Changing Rates and Shifting Ranges
To further illustrate the implications of thermal differentiation between PFTs, we
conducted a separate assessment of phytoplankton growth in the world’s oceans,
accounting for the global dispersal potential of phytoplankton50, as well as the large
temperature gradations that phytoplankton experience, and readily acclimate to due to
phenotypic plasticity51. Assuming no limits to dispersal in phytoplankton52 and under the
preface that habitation is solely dependent on thermal viability and not dispersal or
competitive ability (Methods), we evaluated the growth of every strain at all thermally
viable locations across the global ocean. Viability was established where strain growth
rates were greater than 20% of their strain-specific maximum growth rate (a 20% thermal
performance breadth). Though many studies have arbitrarily set a higher threshold of
80% 53, previous work has indicated that species commonly appear or even dominate in
the field at temperatures corresponding to 20% of their µmax13, supporting the use of a
wider thermal breadth. We then used an ensemble mean of modeled SST projections from
the Coupled Model Intercomparison Project phase 5 (CMIP5) under RCP8.554 to evaluate
strain growth rates under historical (1950-1970) SST conditions and contrasted them with
future projections (2080-2100) under anthropogenic warming. The median proportional
growth change between the two time periods was then computed for each group and
differences were averaged for each latitude (Methods).
The majority of strains from each group are projected to experience proportional
decreases in growth rates at low-latitudes and significant gains at mid-latitudes (Fig. 4A).
However, the proportional change anticipated for each PFT is varied, suggesting
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community structure may be altered, as either PFTs shift in their relative competitive
abilities as a group, or in the species which they comprise. Among the functional groups,
low-latitude coccolithophores appear the most susceptible to rising temperatures, while
cyanobacteria may fare the best, with significant growth increases expected at midlatitudes (Fig. 4). Additionally, many new regions, such as the Norwegian Sea and the
Gulf of Alaska, may become habitable to cyanobacteria under future thermal conditions
(Fig. 4B), allowing for an average range expansion of about 6.5% or 18.8 million km2
based on temperature alone. This cyanobacteria range expansion has the potential to alter
community structure as cyanobacteria impose competition in new regions. Our
projections, coupled with those suggesting that phytoplankton with smaller cell sizes
(such as cyanobacteria) will be advantaged in future lower nutrient conditions3,55, make
it plausible to presume that some species of larger cell size which currently dominate56,
may be displaced or outcompeted in the future. Like cyanobacteria, coccolithophores
may also shift poleward57, joining or replacing existing coccolithophore populations and
potentially increasing their prevalence, as has been observed in the North Atlantic58.
These immigrations have the potential to increase resource competition among PFTs and
alter the current community structure at mid-latitudes39.
Some of the greatest thermally-induced proportional changes in growth are
predicted for low-latitude regions, which are already impacted by nutrient availability56.
For example, on average, coccolithophores are estimated to experience as much as a 61%
decrease in growth rates at low latitudes, with 100% of strains negatively impacted within
10º of the equator and 83% within 20º (Fig. 4). Given their key role in carbon cycling,
this reduction in calcite-bearing coccolithophore growth could potentially alter seawater
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alkalinity39,57. These findings are consistent with trends illuminated using our DGE
metric (Fig. 3c), which similarly found temperature increases at the equator to exceed the
buffering capacity of most strains, resulting in negative growth changes. Despite the
severity of these projections, these estimations serve only as base approximations, as they
result from temperature alone and do not include other factors which are also likely to
hinder or enhance net growth, such as increased stratification and resulting nutrient
limitation59, or interactions with other organisms. Taken together, future low-latitude
regions will likely be characterized by very different environmental conditions and
phytoplankton communities than those of today.
At mid and high-latitudes, growth projections are the reverse, with proportional
growth increases projected for all PFTs (Fig. 4). The Southern Ocean, for example, may
see an average of a 7.2% proportional growth increase among diatoms, dinoflagellates,
and coccolithophores. In addition, warming in the Southern Ocean has the potential to
increase iron supply through ice melt 60 and induce stratification59, easing the nutrient and
light limitation that currently impact the region. Together, these support the prediction
that temperature could be the principal driver of biomass and productivity changes in the
future Southern Ocean3,60. The North Atlantic may similarly be subject to a 21%
proportional growth increase among all PFTs based on temperature alone. However, this
projected increase may conversely be hindered by changing nutrient concentrations, as
nitrogen limitation is presumed to intensify in a future ocean, potentially dominating over
the thermal response3. Though our analyses do not account for additional factors that
influence growth rates and the thermal response, including nutrients14,61 and light62, they
provide a baseline of the impact that temperature alone could have on phytoplankton
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growth in the world’s oceans.
In each region, we demonstrate that the direct effects of temperature will alter
phytoplankton growth. Yet, our results also suggest that this thermal response will vary
widely among PFTs, potentially reshaping phytoplankton communities. Models have
previously predicted potential deviations in diversity with increasing SST63, which
similarly support the theory that future communities may not be analogous to those of the
present day24. However, our focus solely on temperature allowed for taxonomic
differentiations, elucidating some of the mechanisms that may drive these changes in
diversity. Though evolutionary rates may increase with temperature64, alleviating some of
our predicted metabolic losses, the time-scale on which this could occur as well as the
trade-offs associated with adaptation are only beginning to be explored in the
phytoplankton65–67. Thus, our meta-analysis serves as a baseline for which the thermal
response can be understood. Subsequent modeling efforts, satellite-based estimations of
primary production12, phytoplankton growth rate standardizations34, or the many other
ecological implementations of Q10 will benefit from the incorporation of our newly
characterized thermal dependencies for each PFT, allowing them to better decipher the
network of ecological and biogeochemical processes impacted by the phytoplankton
response to temperature.

74

Methods:
Growth Data Compilation
To assess the phytoplankton growth response to temperature, we aggregated
thermal growth rates from four principal phytoplankton functional groups of
biogeochemical relevance: coccolithophores (number of growth measurements (N)=202),
cyanobacteria (N=502), diatoms (N=1794), and dinoflagellates (N=748). We began with
a previous thermal growth rate compilation by Thomas et al.16,20 and added data
published after 2012 (number of strains (n)=59, N=883; Extended Data Table 2) which
followed the same selection criteria outlined in Thomas et al.20, with the following
modifications; selection criteria were broadened to include growth rates measured at
greater than 80 µmol photons m2s-1 (rather than 100 µmol photons m2s-1) when day
length equaled 24 hours, allowing for the inclusion of more marine cyanobacteria, which
had previously been relatively underrepresented in the data set. We also eliminated
studies which exposed strains to fluctuating nutrient concentrations, as there was concern
about the comparability of the resulting reaction norms14,61. Lastly, the cyanobacteria
group was constrained to eliminate diazotrophic species, which are characterized by
fundamentally different physiological processes, which could impact group
characterizations. It should be noted that a separate analysis was conducted for the
diazotrophs, as they are significant ecological contributors; however, the data was
deemed insufficient and resulted in a high degree of uncertainty in subsequent analyses
(Extended Data Fig. 5). Future work examining diazotroph thermal traits would be of
great value to the scientific community. Additionally, dinoflagellate growth rates were
verified to be autotrophically obtained (strains grown on medium only), but we cannot
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eliminate the possibility that some species may have ingested bacteria to augment their
growth68.
When growth data was not made available in spreadsheet form, GraphClick
software (version 3.0.3)69 was employed to digitize rate measurements from published
figures. In total, our compilation included four functional groups comprising 243 strains
and 3,246 discrete growth rate measurements from a broad range of temperatures and
locations (Table 1, Extended Data Fig. 1)
Thermal reaction norms were used to describe each strain’s thermal response
following the equation presented in Thomas et al.20, which was adapted from Norberg70.
For strains compiled previously20, parameters for thermal reaction norms were provided.
For added strains, parameters were estimated using the maximum likelihood approach
described in Thomas et al. 20 and the bbmle package71 in R 3.6.172.
Climate Data
To assess potential impacts of warming on phytoplankton metabolism, we utilized
an ensemble mean of modeled sea surface temperature (SST) projections from the
Coupled Model Intercomparison Project phase 5 (CMIP5), available at a 1.25° resolution,
and presented in the Fifth Assessment Report of the Intergovernmental Panel on Climate
Change54. This data was extracted from the Royal Netherlands Meteorological Institute
Climate Explorer portal (http://climexp.knmi.nl). Projections for sea surface temperature
(SST) warming were calculated between a baseline (1950-1970) and future (2080-2100)
time period under Representative Concentration Pathway RCP8.5 (Extended Data Fig. 4),
a worst case climate scenario that assumes increasing greenhouse gas emissions73.
Warming was assessed at each latitude, resulting in a zonal mean and standard deviation.
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Habitat temperatures (Thabitat) for strains of known origin were discerned by extracting
SST values at strain isolation locations from the baseline period mean (1950-1970).
Thermal Dependencies
For each functional group, the change in the maximum growth rate (µmax) with
temperature was characterized with an exponential function. This relationship was first
described by Eppley5, and a curve-fitting method was later standardized by Bissinger et
al.32. We implemented the method outlined in Bissinger et al.32 by fitting a 99th quantile
regression to log-transformed growth rates for each functional group using the quantreg
package in R72,74 (Extended data Fig. 6). This resulted in the following equation:
µ"#$ (&) = * ∙ , -∙.

where the maximum growth rate of each functional group (µmax) changes as a function of
temperature (T). The y-intercept (µmax(0ºC)) is given by parameter a, and b characterizes
the rate at which the µmax increases with temperature. The 95% confidence interval for
each curve was then estimated using a Markov chain marginal bootstrap75 over 10,000
iterations74. This method lessens the computation required for bootstrapping by solving
one-dimensional equations for multi-dimensional parameters75, making it ideal for large
data sets.
Exponential curves were then utilized to estimate the temperature coefficient (Q10)
for each functional group. The Q10 describes the rate at which the µmax changes with each
10ºC of temperature change, providing a valuable metric for metabolic capacity. In the
past, functional groups have been included as a parameter in the exponential equation,
resulting in a constant b across functional groups, and thus a constant Q1017. Due to our
interest in differentiating between functional groups, we chose to fit exponential curves to
each functional group separately, obtaining unique Q10 values for each group. Activation
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energies (Ea) were then computed using each PFT’s exponential equation or Q10
following the methods in Kremer et al.17.
Static Thermal Capacity and Statistical Analyses
There are several established metrics for assessing thermal capacity, including the
thermal safety margin (TSM) and warming tolerance (WT)7,8,48. Each metric considers
organismal thermal traits in relation to their habitat temperature to provide an estimate for
the amount of warming that can be tolerated before performance decreases (TSM) or
strains become non-viable (WT). They operate under the assumption that organisms are
static, experiencing environmental temperatures corresponding to a single location.
Though phytoplankton are subject to high dispersal51,52, we utilized these metrics as
touchstone assessments of thermal capacity. To calculate each metric, we estimated the
thermal optima (Topt) and thermal maxima (Tmax) of each strain using their respective
thermal reaction norms, as outlined previously13,16,20. The thermal maxima were then
quality controlled according to Thomas et al.16 to ensure validity.
Once trait values were quantified, metrics for thermal capacity were calculated for
all strains of known origin with a well-characterized Tmax16 (coccolithophores = 24,
cyanobacteria = 31, diatoms = 115, dinoflagellates = 38; Extended Data Fig. 1). Trait
values were used to compute the TSM (Topt – Thabitat) and the WT (Tmax-Thabitat).
Additionally, we defined a new metric termed the distance to the growth equivalence
(DGE). While the TSM is often used to define the limit of performance, beyond which an
organism’s growth rate is hindered, we found this to be somewhat misleading as
phytoplankton often perform below their capacity as they readily exist at temperatures
below their Topt20. Thus, we found it reasonable to postulate that phytoplankton could
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similarly operate at a reduced capacity beyond the Topt. To account for this, we
formulated the DGE, which describes the distance (ºC) to the temperature at which
growth is equivalent to that at the organism’s mean habitat temperature (Tµequiv – Thabitat),
but on the opposite side of the reaction norm (Figure 3C). This characterizes the degree
of warming that can be sustained before growth decreases below that in the organism’s
habitat. Variations in thermal metrics among PFTs were conducted using Kruskal-Wallis
tests followed by Dunn's multiple comparison tests with an alpha of 0.05.
Metabolic Projections for the Future
In order to assess the implications of varied thermal responses among
phytoplankton functional types, we estimated the proportional growth change that could
be experienced between baseline (1950-1970) and future (2080-2100) thermal conditions
(Extended Data Fig. 4). Strain reaction norms from each functional group were assessed
in conjunction with modeled SST to estimate strain growth rates for each global grid cell
(1.25º resolution). Strains were considered viable at a given location if their growth was
at least 20% of their growth maxima (µ20%max). This percentage was based on
observations of species presence at temperatures roughly corresponding to those at the
µ20%max or higher13. Proportional growth change was then calculated for grid cells in
which strains were determined to be viable under both baseline and future conditions
((µfuture - µpast)/µpast). For each phytoplankton functional type, the proportional change was
then computed using the median of individual strain results and depicted with a global
map. While, by definition, some strains will fare better and some worse than the median,
we found this to be the metric most suited for conveying how the majority of strains will
respond, while being less sensitive than other metrics, like the maximum, to sample size
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and outliers. Additionally, our estimate of the median proportional growth change
accounts for all strains within their 20% thermal performance breadth, rather than the
more commonly applied 80%53 and should therefore be considered a conservative
estimate, as many strains at 20% of their µmax might not survive. For cyanobacteria,
which comprise several strains predicted to undergo a range expansion and become
viable in regions in which they were not previously, we also estimated the potential range
extent using our viability criteria under future thermal conditions. Trends were discerned
by averaging group proportional growth change across each latitude.
Data Availability:
Growth measurements, thermal reaction norm parameters, and estimated thermal traits
will be made available through the Biological and Chemical Ocean Data Management
Office (BCO-DMO). Code will be made available in a GitHub repository
(github.com/sianderson/PFT_thermal_response) and archived at Zenodo.

80

References:
1.

Field, C. B., Behrenfeld, M. J., Randerson, J. T. & Falkowski, P. Primary
Production of the Biosphere: Integrating Terrestrial and Oceanic Components.
Science. 281, 237–240 (1998).

2.

Laufkotter, C. et al. Drivers and uncertainties of future global marine primary
production in marine ecosystem models. Biogeosciences 12, 6955–6984 (2015).

3.

Dutkiewicz, S., Scott, J. R. & Follows, M. J. Winners and losers: Ecological and
biogeochemical changes in a warming ocean. Global Biogeochem. Cycles 27, 463–
477 (2013).

4.

Dutkiewicz, S. et al. Impact of ocean acidification on the structure of future
phytoplankton communities. Nat. Clim. Chang. 5, 1002–1006 (2015).

5.

Eppley, R. W. Temperature and phytoplankton growth in the sea. Fish. Bull. 70,
1063–1085 (1972).

6.

Falkowski, P. G., Barber, R. T. & Smetacek, V. Biogeochemical controls and
feedbacks on ocean primary production. Science. 281, 200–206 (1998).

7.

Deutsch, C. A. et al. Impacts of climate warming on terrestrial ectotherms across
latitude. Proc. Natl. Acad. Sci. 105, 6668–6672 (2008).

8.

Comte, L. & Olden, J. D. Climatic vulnerability of the world’s freshwater and
marine fishes. Nat. Clim. Chang. 7, 718–722 (2017).

9.

Sarmiento, J. L. et al. Response of ocean ecosystems to climate warming. Global
Biogeochem. Cycles 18, GB3003 (2004).

10.

Taucher, J. & Oschlies, A. Can we predict the direction of marine primary
production change under global warming? Geophys. Res. Lett. 38, 1–6 (2011).

11.

Vallina, S. M., Cermeno, P., Dutkiewicz, S., Loreau, M. & Montoya, J. M.
Phytoplankton functional diversity increases ecosystem productivity and stability.
Ecol. Modell. 361, 184–196 (2017).

12.

Behrenfeld, M. J., Boss, E., Siegel, D. A. & Shea, D. M. Carbon-based ocean
productivity and phytoplankton physiology from space. Global Biogeochem.
Cycles 19, 1–14 (2005).

13.

Anderson, S. I. & Rynearson, T. A. Variability Approaching the Thermal Limits
Can Drive Diatom Community Dynamics. Limnol. Oceanogr. 65, 1961–1973
(2020).

14.

Boyd, P. W. Physiology and iron modulate diverse responses of diatoms to a
warming Southern Ocean. Nat. Clim. Chang. 9, 148–152 (2019).

81

15.

Moore, C. M. et al. Processes and patterns of oceanic nutrient limitation. Nat.
Geosci. 6, 701–710 (2013).

16.

Thomas, M. K., Kremer, C. T. & Litchman, E. Environment and evolutionary
history determine the global biogeography of phytoplankton temperature traits.
Glob. Ecol. Biogeogr. 25, 75–86 (2016).

17.

Kremer, C. T., Thomas, M. K. & Litchman, E. Temperature- and size-scaling of
phytoplankton population growth rates: Reconciling the Eppley curve and the
metabolic theory of ecology. Limnol. Oceanogr. 62, 1658–1670 (2017).

18.

Edwards, K. F., Thomas, M. K., Klausmeier, C. A. & Litchman, E. Allometric
scaling and taxonomic variation in nutrient utilization traits and maximum growth
rate of phytoplankton. Limnol. Oceanogr. 57, 554–566 (2012).

19.

Poloczanska, E. S. et al. Global imprint of climate change on marine life. Nat.
Clim. Chang. 3, 919–925 (2013).

20.

Thomas, M. K., Kremer, C. T., Klausmeier, C. A. & Litchman, E. A global pattern
of thermal adaptation in marine phytoplankton. Science 338, 1085–1088 (2012).

21.

Righetti, D., Vogt, M., Gruber, N., Psomas, A. & Zimmermann, N. E. Global
pattern of phytoplankton diversity driven by temperature and environmental
variability. Sci. Adv. 5, 1–11 (2019).

22.

Barton, A. D., Irwin, A. J., Finkel, Z. V. & Stock, C. A. Anthropogenic climate
change drives shift and shuffle in North Atlantic phytoplankton communities.
Proc. Natl. Acad. Sci. 113, 2964–2969 (2016).

23.

Antão, L. H. et al. Temperature-related biodiversity change across temperate
marine and terrestrial systems. Nat. Ecol. Evol. 4, 927–933 (2020).

24.

García Molinos, J. et al. Climate velocity and the future global redistribution of
marine biodiversity. Nat. Clim. Chang. 6, 4–11 (2015).

25.

Uitz, J., Claustre, H., Gentili, B. & Stramski, D. Phytoplankton class-specific
primary production in the world’s oceans: Seasonal and interannual variability
from satellite observations. Global Biogeochem. Cycles 24, 1–19 (2010).

26.

Guidi, L. et al. Effects of phytoplankton community on production, size and export
of large aggregates: A world-ocean analysis. Limnol. Oceanogr. 54, 1951–1963
(2009).

27.

Toseland, A. et al. The impact of temperature on marine phytoplankton resource
allocation and metabolism. Nat. Clim. Chang. 3, 979–984 (2013).

28.

Boyd, P. W. & Hutchins, D. A. Understanding the responses of ocean biota to a
complex matrix of cumulative anthropogenic change. Mar. Ecol. Prog. Ser. 470,

82

125–135 (2012).
29.

Bopp, L. et al. Multiple stressors of ocean ecosystems in the 21st century:
Projections with CMIP5 models. Biogeosciences 10, 6225–6245 (2013).

30.

Baek, S. H. et al. Ecological behavior of the dinoflagellate Ceratium furca in
Jangmok harbor of Jinhae Bay, Korea. J. Plankton Res. 33, 1842–1846 (2011).

31.

Angilletta, M. J. Thermal Adaptation: A Theoretical and Empirical Synthesis.
(Oxford University Press, 2009).

32.

Bissinger, J. E., Montagnes, D. J. S., Sharples, J. & Atkinson, D. marine maximum
from rates phytoplankton Predicting growth temperature : Improving curve on the
Eppley using quantile regression. Limnol. Oceanogr. 53, 487–493 (2008).

33.

Prowe, A. E. F., Pahlow, M., Dutkiewicz, S. & Oschlies, A. How important is
diversity for capturing environmental-change responses in ecosystem models?
Biogeosciences 11, 3397–3407 (2014).

34.

Chen, B. & Liu, H. Relationships between phytoplankton growth and cell size in
surface oceans: Interactive effects of temperature, nutrients, and grazing. Limnol.
Oceanogr. 55, 965–972 (2010).

35.

Barton, S. & Yvon-Durocher, G. Quantifying the temperature dependence of
growth rate in marine phytoplankton within and across species. Limnol. Oceanogr.
64, 2081–2091 (2019).

36.

Sherman, E., Moore, J. K., Primeau, F. & Tanouye, D. Temperature influence on
phytoplankton community growth rates. Global Biogeochem. Cycles 30, 550–559
(2016).

37.

Alexander, H. et al. Functional group-specific traits drive phytoplankton dynamics
in the oligotrophic ocean. Proc. Natl. Acad. Sci. 112, E5972–E5979 (2015).

38.

Endo, H., Ogata, H. & Suzuki, K. Contrasting biogeography and diversity patterns
between diatoms and haptophytes in the central Pacific Ocean. Sci. Rep. 8, 1–13
(2018).

39.

Cermeño, P. et al. The role of nutricline depth in regulating the ocean carbon cycle.
Proc. Natl. Acad. Sci. U. S. A. 105, 20344–20349 (2008).

40.

Calvo, E., Pelejero, C., Pena, L. D., Cacho, I. & Logan, G. A. Eastern Equatorial
Pacific productivity and related-CO2 changes since the last glacial period. Proc.
Natl. Acad. Sci. U. S. A. 108, 5537–5541 (2011).

41.

McCabe, R. M. et al. An unprecedented coastwide toxic algal bloom linked to
anomalous ocean conditions. Geophys. Res. Lett. 43, 10,366-10,376 (2016).

83

42.

Roberts, S. D., Van Ruth, P. D., Wilkinson, C., Bastianello, S. S. & Bansemer, M.
S. Marine Heatwave, Harmful Algae Blooms and an Extensive Fish Kill Event
During 2013 in South Australia. Front. Mar. Sci. 6, 1–20 (2019).

43.

Oliver, E. C. J. et al. Longer and more frequent marine heatwaves over the past
century. Nat. Commun. 9, 1–12 (2018).

44.

Oliver, E. C. J. et al. Projected Marine Heatwaves in the 21st Century and the
Potential for Ecological Impact. Front. Mar. Sci. 6, 1–12 (2019).

45.

Keeling, P. J. The endosymbiotic origin, diversification and fate of plastids. Philos.
Trans. R. Soc. B Biol. Sci. 365, 729–748 (2010).

46.

Yoon, H. S., Hackett, J. D., Pinto, G. & Bhattacharya, D. The single, ancient origin
of chromist plastids. Proc. Natl. Acad. Sci. U. S. A. 99, 15507–15512 (2002).

47.

Butterfield, N. J. Bangiomorpha pubescens n. gen., n. sp.: implications for the
evolution of sex, multicellularity, and the Mesoproterozoic/Neoproterozoic
radiation of eukaryotes . Paleobiology 26, 386–404 (2000).

48.

Pinsky, M. L., Eikeset, A. M., McCauley, D. J., Payne, J. L. & Sunday, J. M.
Greater vulnerability to warming of marine versus terrestrial ectotherms. Nature
569, 108–111 (2019).

49.

Sunday, J. M. et al. Thermal-safety margins and the necessity of thermoregulatory
behavior across latitude and elevation. Proc. Natl. Acad. Sci. 111, 5610–5615
(2014).

50.

Jönsson, B. F. & Watson, J. R. The timescales of global surface-ocean connectivity.
Nat. Commun. 7, 1–6 (2016).

51.

Doblin, M. A. & van Sebille, E. Drift in ocean currents impacts intergenerational
microbial exposure to temperature. Proc. Natl. Acad. Sci. 113, 5700–5705 (2016).

52.

Whittaker, K. & Rynearson, T. Evidence for environmental and ecological
selection in a microbe with no geographic limits to gene flow. Proc. Natl. Acad.
Sci. 114, 2651–2656 (2017).

53.

Huey, R. B. & Stevenson, R. D. Integrating thermal physiology and ecology of
ectotherms: A discussion of approaches. Integr. Comp. Biol. 19, 357–366 (1979).

54.

Collins, M. et al. Long-term Climate Change: Projections, Commitments and
Irreversibility. in Climate Change 2013: The Physical Science Basis. Contribution
of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel
on Climate Change (eds. Stocker, T. F. et al.) 1029–1136 (Cambridge University
Press, 2013).

55.

Bopp, L., Aumont, O., Cadule, P., Alvain, S. & Gehlen, M. Response of diatoms

84

distribution to global warming and potential implications: A global model study art. no. L19606. Geophys. Res. Lett. 32, 19606 (2005).
56.

Ward, B. A. Temperature-correlated changes in phytoplankton community
structure are restricted to polar waters. PLoS One 10, 1–15 (2015).

57.

Winter, A., Henderiks, J., Beaufort, L., Rickaby, R. E. M. & Brown, C. W.
Poleward expansion of the coccolithophore Emiliania huxleyi. J. Plankton Res. 36,
316–325 (2014).

58.

Rivero-Calle, S., Gnanadesikan, A., Del Castillo, C. E., Balch, W. M. & Guikema,
S. D. Multidecadal increase in North Atlantic coccolithophores and the potential
role of rising CO2. Science. 350, 1533–1537 (2015).

59.

Steinacher, M. et al. Projected 21st century decrease in marine productivity: a
multi-model analysis. Biogeosciences Discuss. 7, 979–1005 (2010).

60.

Arrigo, K. R., Dijken, G. L. van & Strong, A. L. Environmental controls of marine
productivity hot spots around Antarctica. J. Geophys. Res. Ocean. 120, 2813–2825
(2015).

61.

Aranguren-Gassis, M., Kremer, C. T., Klausmeier, C. A. & Litchman, E. Nitrogen
limitation inhibits marine diatom adaptation to high temperatures. Ecol. Lett. 22,
1860–1869 (2019).

62.

Edwards, K. F., Thomas, M. K., Klausmeier, C. A. & Litchman, E. Phytoplankton
growth and the interaction of light and temperature: A synthesis at the species and
community level. Limnol. Oceanogr. 61, 1232–1244 (2016).

63.

Ibarbalz, F. M. et al. Global Trends in Marine Plankton Diversity across Kingdoms
of Life. Cell 179, 1084-1097.e21 (2019).

64.

Allen, A. P., Gillooly, J. F., Savage, V. M. & Brown, J. H. Kinetic effects of
temperature on rates of genetic divergence and speciation. Proc. Natl. Acad. Sci.
U. S. A. 103, 9130–9135 (2006).

65.

Padfield, D., Yvon-Durocher, G., Buckling, A., Jennings, S. & Yvon-Durocher, G.
Rapid evolution of metabolic traits explains thermal adaptation in phytoplankton.
Ecol. Lett. 19, 133–142 (2016).

66.

Baker, K. G. et al. Thermal niche evolution of functional traits in a tropical marine
phototroph. J. Phycol. 54, 799–810 (2018).

67.

O’Donnell, D. R. et al. Rapid thermal adaptation in a marine diatom reveals
constraints and trade-offs. Glob. Chang. Biol. 24, 4554–4565 (2018).

68.

Seong, K. A., Jeong, H. J., Kim, S., Kim, G. H. & Kang, J. H. Bacterivory by cooccurring red-tide algae, heterotrophic nanoflagellates, and ciliates. Mar. Ecol.

85

Prog. Ser. 322, 85–97 (2006).
69.

GraphClick. (2012).

70.

Norberg, J. Biodiversity and ecosystem functioning: A complex adaptive systems
approach. Limnol. Oceanogr. 49, 1269–1277 (2004).

71.

Bolker, B. & Team, R. D. C. bbmle: Tools for General Maximum Likelihood
Estimation. (2017).

72.

R Core Team. R: A Language and Environment for Statistical Computing. (2017).

73.

Riahi, K. et al. RCP 8.5-A scenario of comparatively high greenhouse gas
emissions. Clim. Change 109, 33–57 (2011).

74.

Koenker, R. quantreg: Quantile Regression. (2019).

75.

He, X. & Hu, F. Markov chain marginal bootstrap. J. Am. Stat. Assoc. 97, 783–795
(2002).

76.

Buitenhuis, E. T., Pangerc, T., Franklin, D. J., Quéré, C. Le & Malin, G. Growth
rates of six coccolithophorid strains as a function of temperature. Limnol.
Oceanogr. 53, 1181–1185 (2008).

77.

Stawiarski, B., Buitenhuis, E. T. & Quéré, C. Le. The physiological response of
picophytoplankton to temperature and its model representation. Front. Mar. Sci. 3,
1–13 (2016).

86

Acknowledgements:
The ensemble mean of Earth System models from the Coupled Model Intercomparison
Project phase 5 (CMIP5), presented in the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change54, was provided by the Royal Netherlands
Meteorological Institute (http://climexp.knmi.nl). This research was supported by NSF
awards OCE-1638834 and OPP-1543245 (TAR) and NASA award 80NSSC17K0561
(SD). SIA was partially supported by NSF award OIA-1655221.
Author contributions:
SIA, ADB, SC, SD, and TAR conceived of the study, developed the methodology, and
wrote the manuscript. SIA curated and analyzed the growth-temperature data, and ran the
projected growth model. TAR acquired necessary funding.
Competing interests:
Authors declare no competing interests.
Materials and Correspondence:
Please direct correspondence to either TAR (rynearson@uri.edu) or SIA
(sianderson@uri.edu), and make materials requests to SIA.

87

Table 1. Functional group thermal equation coefficients and dependencies.
Functional Group
All

Coccolithophores

Source

Environment

n

N

y-intercept

Q10

Ea

µmax 20ºC

Marine

~130

162

0.59

1.88

0.41

2.09

Bissinger et al. 2008 32

Marine

92

1,501

0.81

1.88

0.41

2.86

This study

Marine

243

3,246

0.85

1.46

0.24

1.82

Marine

6

30

0.22

1.7

0.34

0.64

Marine

30

202

0.74

1.42

0.23

1.50

Marine

3

59

0.02

4.9

1.02

0.55

Kremer et al. 2017 17

Fresh & Marine

106

968

0.58

1.61

0.30

0.95

This study

Marine

32

502

0.19

2.13

0.49

0.86

Fresh & Marine

169

1,858

1.16

1.61

0.30

1.91

This study

Marine

135

1,794

0.80

1.55

0.28

1.91

Kremer et al. 2017 17

Fresh & Marine

50

577

0.39

1.61

0.30

1.00

This study

Marine

46

748

0.29

1.67

0.33

0.81

Eppley 1972

5

Buitenhuis et al. 2008

76

This study
Cyanobacteria

Diatoms

88

Dinoflagellates

Stawiarski et al. 2016

Kremer et al. 2017

17

77

n = number of strains examined
N = total number of discrete growth measurements used in curve fitting.
The y-intercept, temperature coefficient (Q10), activation energy (Ea), and growth maximum at 20ºC (µmax) are based on the
exponential temperature dependency characterized in each study.
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Fig. 1. Thermal reaction norms for each phytoplankton functional type. Exponential
curves (colored lines) were fit to measured growth rates (N) using a 99th quantile
regression and compared to the widely-used Eppley curve 5, which assessed
phytoplankton collectively (grey dashed line, same in each panel). Extent of curves
denote limits of data. 95% confidence intervals (shading) were determined using Markov
chain marginal bootstrapping 75. Thermal reaction norms (n) for each isolate
characterized are shown in black. The cyanobacteria group does not include diazotrophic
species (Methods).
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Fig. 2. Comparison of thermal dependencies among phytoplankton functional types.
(a) Absolute change in performance for each PFT (Coccolithophores = CO, cyanobacteria
= CY, diatoms = DT, dinoflagellates = DF), determined by analyzing the rate of change
from 20% of the maximum growth rate (µ20%max) to the µmax. Colors correspond to the
rates approaching (white) or descending (grey) from the µmax. All groups were negatively
skewed resulting in greater rates of growth descent from the µmax. (b) Functional group
maximum growth rates (modeled µmax) as a function of temperature fit using growth
measurements according to Bissinger et al. 32 and compared with that from Eppley 5.
Dinoflagellates were characterized by the smallest performance changes overall, as
evidenced by their relatively flatter reaction norms (Fig. 1).
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Extended Table 1. Functional group thermal dependency equations
Functional
Group

Environment

n

N

Q10

Equation

Marine

~130

162

1.88

µ = 0.59 !

(0.0633T)

Bissinger et al. 2008 31

Marine

92

1,501

1.88

µ = 0.81 !

(0.0631T)

Coccolithophores

This study

Marine

30

202

1.42

ln[µ ] = -0.3005 + 0.035T

Cyanobacteria

Stawiarski et al. 2016 76

Marine

3

59

4.9

ln[µ ] = −3.774 + 0.160T

Fresh & Marine

106

968

1.61

ln[µ ] = -0.5456 + 0.0474T

Marine

32

502

2.13

ln[µ ] = -1.6614 + 0.0758T

Fresh & Marine

169

1,858

1.61

ln[µ ] = -0.1610 + 0.0474T

Marine

135

1,794

1.55

ln[µ ] = -0.2263 + 0.0438T

Fresh & Marine

50

577

1.61

ln[µ ] = -0.9449 + 0.0474T

Marine

46

748

1.67

ln[µ ] = -1.2356 + 0.0512T

All

Source
Eppley 1972

5

Kremer et al. 2017

16

This study
Diatoms

Kremer et al. 2017

16

This study
Dinoflagellates

Kremer et al. 2017
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This study

16

max

max

max

max

max

max

max

max

max

max

n = number of strains examined
N = total number of discrete growth measurements used in curve fitting.
The temperature coefficient (Q10) was calculated using the given equations, which describe the modeled µmax as a function of
temperature (T).

Extended Data Table 2. Sources of phytoplankton growth rates added to original
Thomas et al.3 compilation.
Source
Anderson and Rynearson 2020 4
Aranguren-Gassis et al. 2019 5
Baker 2018 6
Boyd et al. 2019 7
Kling et al. 2020 8
Mackey et al. 2013 9
Pittera et al. 2014 10
Stawiarski et al. 2016 11
Zhang et al. 2014 12

n
19
1
1
4
11
3
6
3
11

n = number of strains
PFT = phytoplankton functional type
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Abstract
Phytoplankton community composition and productivity are impacted by a
complex interplay of environmental variables. Temperature and nutrient availability are
two principal factors influencing phytoplankton growth and composition, but are often
investigated independently and on individual species. To assess the individual and
interactive effects of temperature and nutrient concentration on phytoplankton
community composition and physiology, we altered both the thermal and nutrient
conditions of a cold-adapted spring phytoplankton community in Narragansett Bay, RI,
when surface temperature was 2.6ºC and chlorophyll >9 µg/L. Water was incubated in
triplicate at -0.5ºC, 2.6ºC, and 6ºC for 10 days. At each temperature, treatments included
both nutrient amendments (N, P, Si addition) and controls (no macronutrients added). The
interactive effects of temperature and resource availability altered phytoplankton growth
and community structure. Nutrient amendments resulted in species sorting and
communities dominated by larger species. Under replete nutrients, warming tripled
phytoplankton growth rates, but under limiting conditions, increased temperature acted
antagonistically, reducing growth rates by as much as 33%. The temperature-nutrient
interplay shifted the relative proportions of each species within the phytoplankton
community, resulting in significant changes to cell stoichiometry. Our results suggest that
nutrients are the primary driver of community dynamics in this cold-adapted
phytoplankton community, but changes in temperature may amplify or exacerbate the
nutrient effect with implications for higher trophic levels and carbon flux.
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Introduction
Understanding biodiversity and its regulating factors is central to the study of
ecology. In the phytoplankton, where an unexpectedly diverse group of organisms can
coexist despite possessing similar cellular requirements (Hutchinson 1961), deciphering
the factors responsible for driving community composition is especially challenging.
According to community assembly theory, species are funneled through a series of
ordered filters which act on their respective traits to determine species composition
(Keddy 1992; Pearson et al. 2018). The importance of each filter can be discerned
through an evaluation of the species response, in terms of their relative abundance in the
community (Pearson et al. 2018).
Two of the most important abiotic filters, or drivers, are temperature (Sunagawa et
al. 2015) and nutrients (Redfield 1958). In phytoplankton, temperature can regulate
growth and cellular metabolism (Eppley 1972), while nutrients provide the elements
needed to build cellular structures (Sterner and Elser 2002) and enhance enzymatically
catalyzed pathways, like photosynthesis (Morel and Price 2003). Both factors influence
microbial growth rates (Aranguren-Gassis et al. 2019; Boyd 2019) and may act as
selective pressures on community diversity, with nutrient concentrations often shaping
size-distribution (Litchman et al. 2010) and temperature often driving species succession
(Anderson and Rynearson 2020). Through passive transport along ocean currents, as well
as seasonal cycles, phytoplankton are readily exposed to a variety of thermal conditions
(Doblin and van Sebille 2016) and nutrient concentrations (Moore et al. 2013). Despite
the complex conditions experienced in the natural environment, the effects of temperature
and nutrients are often investigated separately in the lab, and primarily using a single
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species, leaving uncertainty about the interactive roles of these environmental variables in
driving marine phytoplankton diversity at the community level (Boyd and Hutchins 2012;
Boyd et al. 2018).
Both model and empirical studies suggest the temperature-nutrient interaction is
substantial. Nutrient availability can inhibit cellular reproduction, shifting the
phytoplankton thermal response and altering thermal traits (Thomas et al. 2017).
Similarly, temperature can modify cellular metabolism (Eppley 1972), changing the
nutrient requirements for growth (Lewington-Pearce et al. 2019). Together, these
environmental variables have the potential to act synergistically, changing phytoplankton
physiology (Boyd et al. 2015a), or unevenly, with one variable emerging as a dominant
driver (Brennan and Collins 2015; Qu et al. 2018). These effects may differ among
phytoplankton taxa, altering competitive outcomes and shifting community composition
(Siegel et al. 2020). Through manipulative experiments, more can be learned about these
temperature-nutrient interactions and the mechanisms which drive phytoplankton
physiologically and ecologically (Riebesell and Gattuso 2015), both now and in a future
ocean (Boyd et al. 2015b). Working with natural communities where species are able to
interact, makes it possible to observe both direct and indirect effects of these treatments
(Boyd et al. 2018), providing ecosystem level insight that cannot as easily be obtained
with single-species responses (Grear et al. 2017).
To test whether temperature and nutrient availability can alter phytoplankton
community diversity, we quantified their individual and interactive effects on the
composition and physiology of a cold-adapted spring phytoplankton community from
Narragansett Bay, RI. We incubated a natural community under an array of thermal and
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nutrient conditions in order to tease apart the separate and interactive effects of
temperature and nutrients on phytoplankton diversity, and quantitatively assess how
temperature and nutrients affect size distribution, species composition, and elemental
composition of phytoplankton communities.
Methods
Experimental Set-up
The initial plankton community originated from surface seawater collected on
March 20, 2017 from the Narragansett Bay (NBay) Long-term Plankton Time Series site
(41.57ºN, 71.39ºW). Seawater was filtered through a 200 µm mesh to reduce macrozooplankton grazer abundance. At the time of collection, surface temperature and salinity
were recorded using a 6920 multiparameter sonde (YSI). At approximately the same
time, water was collected from the University of Rhode Island (URI) Graduate School of
Oceanography (GSO) aquarium intake, 0.22 µm filtered, and stored for later
experimental dilutions. This seawater had a salinity of 30.5, which was similar to in situ
conditions (29.3).
Seawater from the time series site was used to set up six incubations at three
temperature treatments and two nutrient concentrations (Figure 1). Incubations were
carried out in 2L polypropylene bottles at either the in situ temperature (2.6ºC) or at
positive or negative deviations from that temperature (ca. ±3ºC; -0.5ºC & 6ºC) in
temperature-controlled incubators (I-36LLVL Series, Percival Scientific). This range is
characteristic of March surface temperatures in NBay. Low temperature incubations
began at -1ºC, but were adjusted to -0.5ºC on day two after some freezing occurred. At
each temperature, incubations were set up in triplicate by performing 1:1 dilutions of NB
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whole surface seawater with either nutrient amended seawater or non-nutrient amended
seawater (controls) using the 0.22 µm filtered seawater from the URI GSO aquarium
intake. Nutrient amended seawater contained f/27.6 concentrations of vitamins and trace
metals (Guillard 1975) and final macronutrient concentrations as follows: 32 µM nitrate,
32 µM silicate, 2 µM phosphate. Controls contained only vitamins and trace metals (no
macronutrients). Amendments were up to two orders of magnitude greater than in situ
concentrations (0.31 µM nitrate, 0.57 µM phosphate, 0.30 µM silicate), allowing for
differences to be more easily discerned between treatments.
Incubations were maintained on a 12:12 L:D cycle at 115 µmol photons m-2 s-1 for
ten days to mimic in situ conditions. During that time, growth was monitored with daily
in vivo fluorescence measurements using a 10-AU fluorometer (Turner Designs). On
days 3 and 6, incubations were diluted to in situ levels of fluorescence (0.63 RFU) with
nutrient amended or unamended (controls) seawater to replenish nutrient supply and
maintain community exponential growth. Due to low phytoplankton community growth,
the control treatments at -0.5ºC did not undergo dilutions. At the initiation and conclusion
of the experiment, samples were collected for cell enumeration and size-fractionated
chlorophyll a, and intrinsic growth rates were calculated. Intrinsic growth rates describe
phytoplankton growth in the absence of predation; these were calculated using extracted
chlorophyll from incubations run in tandem to ours, but at 10% dilution, reducing the
potential for predator-prey interactions (Morison and Menden-Deuer 2017). In addition,
samples were collected for elemental analyses, including biogenic silica (BSi), particulate
organic nitrogen (PON), particulate organic carbon (POC), and dissolved nutrients
(silicate, nitrate, nitrite, and phosphate).
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Phytoplankton Community Characterization
At the onset and conclusion of the incubation experiments, the microplankton
community was identified and quantified to discern treatment effects on community
composition. Aliquots from each incubation were fixed in triplicate with 2% acid Lugol’s
solution for microscopy and 0.1% glutaraldehyde and 2% paraformaldehyde, final
concentrations, for flow cytometry. Cell enumeration was conducted by performing cell
counts (~>10 µm) on a 1 ml Sedgewick cell-counting chamber (Structure Probe Inc.)
using an Eclipse E800 microscope (Nikon). Nano- and picoplankton taxa were then
counted using a BD Influx (Becton Dickinson Biosciences) at the Marine Science
Research Facility (MSRF) at URI. Only red fluorescent particles (692/40 nm), the size of
Synechococcus (Forward Scatter >10, characterized with orange fluorescence (580/30
nm)) or larger, were counted. Flow cytometry data was processed with FlowCal in
Python (Castillo-Hair et al. 2016).
Community size structure was also evaluated using size-fractionated chlorophyll.
At each dilution time point, whole incubation water was filtered in triplicate onto 25 mm
Whatman GF/F filters (GE Healthcare), 5 µm polyester filters, or pre-filtered through a
20 µm mesh and then filtered onto 25 mm GF/F filters. This allowed for the calculation
of the following size fractions: 0.7-5 µm, 5-20 µm, and >20 µm. Chlorophyll was then
extracted in 90% acetone for 24 hours at -20oC. Fluorescence was read on a 10-AU
fluorometer (Turner Designs) and data was analyzed according to the techniques
described in Graff and Rynearson (2011).
Ordination and Cluster Analyses
Analyses of microplankton communities were conducted through a comparison of
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diversity indices. The relative effects of temperature and nutrient concentration on
species composition were assessed using both presence/absence data and microscopy cell
counts, allowing for the differentiation of treatment effects on species composition versus
the relative proportions they comprised. Jaccard distance of species presence/absence was
utilized to discern dissimilarity between treatments using the SciPy package (Virtanen et
al. 2020) in Python version 3.7.3. Then, a hierarchical cluster analysis was performed
using Ward’s method, which minimizes total within cluster variation (Ward 1963).
Significance of environmental variables in describing community structure was
determined with permutational multivariate analysis of variance (PERMANOVA)
(Oksanen et al. 2018), after groupings were verified to be homogeneous in dispersion
(Anderson 2006; The scikit-bio development team 2020).
Separately, abundance data were evaluated to discern treatment effects on species
composition. To begin, species evenness was analyzed with Pielou’s metric in the Scikitbio package (The scikit-bio development team 2020). Then, cell counts were Hellinger
transformed to account for the high number of zeroes within the dataset (absent species),
lessen the weight given to rare species, and make our ecological data suitable for linear
methods (Legendre and Gallagher 2001). A transformation-based redundancy analysis
(tb-RDA) was applied to the Hellinger species matrix using the vegan package (Oksanen
et al. 2018) in R version 4.0.2. This analysis summarizes the variation in treatment
phytoplankton communities in terms of a set of explanatory variables. Here, we
constrained the tb-RDA by the treatment variables of temperature (continuous) and
nutrient concentration (binary: nutrient limited or nutrient replete). A k-means cluster
analysis was then conducted on the Hellinger matrix and results were projected onto the
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tb-RDA ordination. The optimal number of clusters for this analysis were discerned using
the Silhouette method (Rousseeuw 1987). Species shown on the ordination plot were
both abundant in incubations and could be explained by at least one axis (cumulative
proportion of inertia >0.4). Figures were constructed using Matplotlib (Hunter 2007) in
Python and ggplot (Wickham 2016) in R.
Elemental Analyses
At the onset and conclusion of the incubation for all treatments, and additionally
at each dilution time point for 2.6 and 6ºC amended treatments, each biological
incubation replicate was assessed for particulate organic carbon (POC) and nitrogen
(PON), and biogenic silica (BSi) content. POC and PON were evaluated in triplicate by
harvesting cells onto 25-mm GF/F filters which had been pre-combusted at 450ºC for
24hrs. Filters were then analyzed on a Costech Elemental Combustion System (Costech
Analytical Technologies Inc.). Due to operator error, one replicate had to be discarded
from the 6ºC amended incubation. BSi content was assessed by filtering cells in triplicate
onto 2 µm polycarbonate filters and analyzing them on a Barnstead Turner SP-830
spectrophotometer, following the methods of Strickland and Parsons (1972).
Additionally, nutrient analyses of ammonium, phosphate, silicate, and nitrite/nitrate (total
inorganic nitrogen) were evaluated using a Lachat Quikchem 8500 analyzer (Hach) at the
MSRF. These elemental measurements allowed for the characterization of total nitrogen
and silica in the 2.6 and 6ºC amended treatments over the 10-day incubation.

Results
Community Composition
Nutrient treatments altered the size structure of the spring microplankton
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community during the course of the 10-day incubation, while temperature did not.
Compared to the nutrient limited controls, the nutrient replete treatments were
characterized by a greater amount of absolute chlorophyll (µg/L) in the >20 µm size
fraction (Figure 2, Table S1; t(16)=-3.825, p=0.0015), but on average, 110% greater
chlorophyll (µg/L) in the 5-20 µm size fraction; though due to variability among
replicates, this difference was marginally not significant (t(16)=-2.095, p=0.0524).
Increasing sample size to n=18 per nutrient treatment could have resolved whether there
was a treatment effect (alpha= 0.05, power=0.80). Absolute chlorophyll (µg/L) within
each size fraction (>20, 5-20 or 0.7-5 µm) did not differ among temperature treatments
(ANOVA, F(2,15), p>0.1).
The interaction of temperature and nutrients led to significant shifts in
phytoplankton biomass. Increasing temperature from -0.5oC to 6.0oC in the presence of
replete nutrients increased the biomass of the whole phytoplankton community 3- to 6fold, as represented by total chlorophyll (Figure 2; ANOVA, F(2, 6), p<0.0001) and by
cell abundance determined via microscopy (Figure 3; ANOVA, F(2, 6), p=0.0001),
respectively. Though these phytoplankton communities were dominated by cells >5µm,
we also assessed size composition of smaller communities using flow cytometry forward
scatter (FSC), a proxy for cell size. Trends in FSC differed from those characterized via
microscopy, with communities characterized by bimodal distributions that were
significantly different between all treatments (Figure S2; Mann Whitney U, p<0.0001).
FSC was also inversely related to both temperature (Figure S2A) and nutrient
concentration (Figure S2B; PCC = -0.16 & -0.13, respectively, p<0.0001).
During the incubation experiments, phytoplankton communities also underwent
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compositional rearrangement in response to changes in both temperature and nutrient
composition. The dominant species varied by nutrient treatment. Leptocylindrus minimus
was most abundant in the nutrient limited treatment community, while Skeletonema spp.
dominated in nutrient replete conditions (Figure 3). The abundance of Thalassiosira spp.
also differed by nutrient treatment, with species from this genus present in greater
numbers under replete conditions (Table S2; t(16)=-3.506, p=0.0029). Some species,
such as Chaetoceros spp., uncharacterized to species level due mostly to minute size,
displayed a clear temperature association, with cell abundance inversely related to
temperature (Figure 3; PCC=-0.81, p=0.0083). In many cases, species abundance scaled
with temperature, but the directionality varied by species and nutrient treatment. For
instance, Skeletonema spp. abundance was positively correlated with temperature in
replete conditions (PCC = 0.97, p<0.0001) and negatively correlated under nutrient
limitation (Figure 3; PCC = -0.89, p=0.0013). These observations demonstrate the
temperature-nutrient interaction and its role in determining species performance.
Species composition under each treatment was evaluated further using
presence/absence data. Ward clustering of the Jaccard species matrix resulted in three
distinct groups: the initial community, the final nutrient replete community, and the final
nutrient limited community (Figure 4). Nutrients were a significant driver of composition
(PERMANOVA, F=4.642, p=0.010), while temperature was not (F=1.345, p=0.3).
Additionally, the nutrient-temperature interaction was not a significant determinant of the
resulting phytoplankton community (PERMANOVA, F=0.812, p=0.6). These results
indicate that for this spring community, nutrient concentration imposed a greater selective
pressure than temperature on species composition. These results align with our qualitative
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evaluation of the dominant genera differing between nutrient treatments (Figure 3).
Temperature-Nutrient Interaction
Though nutrients were the only significant driver of species composition, our
initial observations that total chlorophyll (Figure 2) and specific genera (Figure 3) scaled
with temperature suggested temperature-nutrient interactions existed. We explored this
possibility by first examining changes in community intrinsic growth rates (Figure 5),
defined as growth in the absence of grazing. The interactive effect of temperature and
nutrient concentration on phytoplankton growth was significant (ANOVA, F(3,17),
p=0.0004), surpassing the sum effects of temperature and resources individually. When
nutrients were plentiful, the temperature-nutrient interaction amplified community
growth rates by as much as 189%. However, under nutrient limitation, the temperaturenutrient interaction was antagonistic, depressing growth rates by as much as 33% when
compared to that of the initial community (0.13 d-1). Growth scaling with temperature
and nutrient concentration was not uniform across phytoplankton species. In all
treatments, evenness, or the similarity of species proportions between treatments,
decreased from that of the initial community, implying treatments acted as selective
pressures (Figure S3). The nutrient replete treatment was significantly more even than
the nutrient limited treatment (t(16)=-3.158, p=0.0061) and evenness was inversely
related to temperature (PCC= -0.60, p=0.0065). However, species richness did not vary to
the same extent between treatments (Figure S4). The initial community had the fewest
number of recorded species, implying the resultant community comprised several species
that were initially present at concentrations below detection (< 1 cell 40 ml-1).
The temperature-nutrient interaction was explored further with a transformation-
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based redundancy analysis (tb-RDA). This analysis assessed changes in species
composition in terms of the treatment variables, temperature and nutrient concentration
(Figure 6). Treatment communities generally clustered in triplicate, indicating species
consistency amongst biological replicates. The eigenvalues of the first two tb-RDA axes
(0.019 and 0.013, respectively) explained 24.94% of the total variance and 57.43% of the
constrained variance, indicating other factors not accounted for in our analysis impacted
phytoplankton composition. However, Monte Carlo permutation revealed temperature
and nutrient availability to be significant drivers of this phytoplankton community
(p=0.025 & 0.001, respectively). Our k-means cluster analysis of experimental treatment
phytoplankton communities (k=2, Silhouette method) grouped them precisely by nutrient
treatment, with the initial community aligning with those from the nutrient amended
treatment. This grouping was consistent with our earlier Ward cluster analysis of species
presence/absence, and again signified nutrient availability was the primary factor shaping
this phytoplankton community.
Several abundant species were also correlated with the treatment variables in our
tb-RDA analysis. For example, Skeletonema species (S.spp.) and Chaetoceros
compressus (C.c) aligned along the nutrient vector (Figure 6), suggesting they were
positively associated with nutrient availability, while Leptocylindrus minimus (L.m.)
excelled under nutrient limitation (Figure 6). Chaetoceros species (C.spp.) were
inversely related to temperature. Thalassiosira species (T.spp.) were positively associated
with both temperature and nutrient availability. These findings from our tb-RDA analysis
are consistent with our earlier qualitative observations of relative genera proportions in
the community (Figure 3) and quantitative assessments of species abundance with
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nutrient treatments (Table S2), indicating phytoplankton compositional gradients result
from a combination of nutrient and thermal responses.
Elemental Composition
Changes in community composition resulted in alterations to elemental
composition among treatments. While both POC and PON concentrations were
expectedly greater under nutrient amendments (Figure S5), C:N was significantly
different among nutrient treatments (Figure 7A, Table S3; t(16)= 6.522, p<0.0001) and
displayed opposing trends with temperature depending on nutrient availability. Under
nutrient limitation, C:N increased with temperature (PCC=0.80, p=0.0092). This may be
due to an increase in carbon storage with temperature (Figure S5A, Table S3; PCC=0.87;
p=0.0022), while PON stayed constant across temperatures (Figure S5B; p=0.7). Under
replete nutrients, C:N decreased with temperature (PCC=-0.98, p<0.0001), attributed to a
significant increase in nitrogen drawdown with temperature, even when the effects of
growth are accounted for (Figure S6; ANCOVA, F(2,15), p=0.0007). BSi:C was
inversely correlated with temperature (Figure 7B; PCC=-0.42, p=0.0813), though silica
drawdown was not affected by temperature directly (ANCOVA, F(2,15), p=0.4), but
rather by community growth rates (PCC=-0.68, p=0.0018).
Discussion
Several studies have assessed the separate roles of nutrients and temperature in
regulating phytoplankton communities. We built upon this existing framework and
developed a multivariate study to assess how these individually relevant environmental
variables may interact to drive community assembly; addressing a notable gap in the
literature (Boyd 2011). We examined how resource competition and environmental
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filtering might select for individuals in a community, as they alter species’ competitive
abilities, highlighting niche and fitness differences (Chesson 2000). These phytoplankton
niches, defined by growth, nutrient acquisition, and grazer resistance (Margalef 1978;
Litchman et al. 2007), were all under selection in our mesocosm experiments. Resource
availability resulted in species sorting, which altered phytoplankton community size
composition (Figure 8). Simultaneously, temperature impacted growth and nutrient
drawdown, altering cellular elemental composition. Together, the temperature-nutrient
effect shifted the relative proportions of each taxa within the community and altered total
phytoplankton biomass.
Our findings of swift community rearrangement, driven interactively by
temperature and nutrient concentration, stemmed from a methodology built to highlight
various aspects of community assembly. While many studies measure bulk biomass
(chlorophyll), we utilized size-fractionated chlorophyll to gain a deeper understanding of
the community size structure response to changing environmental variables, which have
implications for food web dynamics, carbon export, and biogeochemical cycling (Finkel
et al. 2010). We also employed microscopy counts to obtain species absolute abundance.
While this strategy may not illuminate species richness at the depth of genetic analyses,
microscopy is not subject to certain biases like gene copy number, which can vary both
inter- and intra-specifically in the plankton (Gong and Marchetti 2019), and alter
perceived proportions represented by each species in the community (Gloor et al. 2017).
Lastly, by measuring intrinsic growth rates, we eliminated grazing as a potential source of
growth change. Together, these strategies enabled us to disentangle the relative effects of
nutrients and temperature on this phytoplankton community.
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Resource availability drives size structure
Nutrient supply is thought to be the principal factor governing phytoplankton size
structure (Finkel et al. 2010), with community succession occurring in tandem with
nutrient availability (Margalef 1978). Both of these principles were evident in our spring
phytoplankton community, where nutrient concentrations drove changes in size
composition. For instance, cells <20 µm were more prevalent under nutrient limitation.
Their greater surface area to volume ratio, smaller diffusive boundary layer, and lower
nutrient requirements needed to attain maximum growth, relative to larger phytoplankton,
are thought to explain their greater ability to acquire and utilize surrounding nutrients
(Raven 1998). The resulting size structures in these phytoplankton communities may also
be attributed to the initial community composition, which was diatom dominated.
Diatoms are fast growing opportunists (Litchman et al. 2007), capable of exploiting
nutrient pulses more effectively than other phytoplankton within their size class
(Cermeño et al. 2011). Due to their larger, armored structures (e.g. spines, frustules),
diatoms are also less frequently preyed upon by microzooplankton (Irigoien et al. 2005).
Together, these factors may have contributed to the direct nutrient-size relationship
observed in our study. Though cell size has a well-characterized inverse relationship with
temperature (Atkinson et al. 2003), we did not observe any temperature-size effect on our
phytoplankton communities. This may result from a relatively short incubation period
(Helmuth 2009), the relatively small portion of the phytoplankton thermal niche
examined, the low resolution captured by our chlorophyll size-fractionations, or
additional factors not accounted for in our study, such as grazing preferences.
Temperature-nutrient interplay affects community composition
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Bottom-up species selection is thought to occur due to resource competition
(nutrients) and environmental filtering (temperature) (Vallina et al. 2017). Our results
suggest that this species sorting can occur over a relatively short time scale even when
temperature, and therefore metabolic rates, are low. Many of the species that became
abundant during the incubation period had previously been found to excel in similar
conditions to the ones imposed during our incubations. For example, Skeletonema species
seem to excel when nutrients, especially silicate (Alves-De-Souza et al. 2008), are
available. Skeletonema spp.’s inverse relationship with temperature when nutrients were
limited, suggest for those species, temperature may exacerbate nutrient stress. In contrast,
Leptocylindrus has been shown to be a strong competitor in low nitrogen regimes
(Escaravage et al. 1999). The species L. minimus in particular, which was most prevalent
in our limited treatment, has a high surface area to volume ratio and has been negatively
correlated with nitrate concentration in the field (Alves-De-Souza et al. 2008). Over the
weeks following our sampling, L. minimus become increasingly prevalent in NBay as
temperatures gradually increased by ~2ºC (Figure S7), suggesting our mesocosms
accurately captured natural community dynamics, and potentially indicating that NBay
became progressively nutrient limited in the weeks following. One uncharacterized
Chaetoceros species isolated from the low temperature treatment during our incubation
experiment was shown to exhibit a preference for cold, low-light conditions (Kling et al.
2020), suggesting that while we did not alter irradiance, it could be another factor
interacting with temperature in this community (Edwards et al. 2016).
Species proportions were not uniform across treatments, but instead were altered
by one or both abiotic variables, as evidenced by their shifting relative abundances within
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the community. The phytoplankton response to temperature and nutrient availability
decreased community evenness, as a few select genera dominated under the altered
environmental conditions. Both temperature and nutrients acted as selective pressures on
species composition and altered phytoplankton growth, allowing certain species to
propagate over others. Species-energy theory (SET) would predict that the number of
species would scale with resource availability (Wright 1983), citing that the probability of
stochastic extinction is lessened as biomass increases with nutrient availability (Cardinale
et al. 2009). Yet, in our incubations, richness was not correlated with nutrient
concentration or biomass. While findings across natural gradients support SET (i.e.
Lehtinen et al. 2017), observations in manipulation experiments seem to contradict the
theory (Suding et al. 2005). This may result from the closed system design that does not
allow for new species immigration. It may also indicate the occurrence of competitive
exclusion in our incubations, which SET fails to account for (Vallina et al. 2014).
Though temperature and nutrients were significant drivers of this phytoplankton
community, the tb-RDA only explained 24.9% of the total variability within the dataset,
suggesting other factors influence community assembly. These may include biotic
interactions, both top-down controls and interspecies competition, which were not
accounted for in this study, but are known to occur in tandem with environmental
filtering to drive community patterns (Kraft et al. 2015). Thus, final communities may
have resulted from a combination of phytoplankton abiotic tolerance to treatment
conditions assessed in this study, as well as competitive fitness differences between
species (Kraft et al. 2015) and preferential prey selection by microzooplankton grazers
(Burkill et al. 1987), which were not excluded by the 200 µm pre-filtration. The
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microzooplankton grazers within our incubations were also likely affected by the abiotic
treatment conditions, as they exhibit varied thermal responses in terms of both growth
(Franzè and Menden-Deuer 2020) and grazing (Lawrence and Menden-Deuer 2012).
Altered elemental ratios
Changes in community composition were accompanied by altered elemental
ratios. Though cellular carbon and nitrogen content often scale with cell volume (Finkel
et al. 2010), they did not do so proportionately in our study. Nutrient replete treatments
had C:N ratios close to Redfield proportions (Redfield 1958), but under nutrient
limitation, C:N was more than double. This change in C:N resulted from increased
carbon storage (Figure S5) which may signify a collective community response to
nutrient stress (Geider and La Roche 2002). Accumulating carbon allows phytoplankton
to more quickly synthesize cellular components once nutrient limitations are alleviated,
and is a known and effective strategy of the diatoms (Talmy et al. 2014). Disparity in C:N
between nutrient treatments may also be attributed to differences in size composition, as
smaller phytoplankton, which comprised a greater proportion of the nutrient limited
community, tend to have lower C:N due to a higher abundance of non-scalable nitrogen
containing components, like nucleic acids (Marañón et al. 2013). Trends in BSi:C may
similarly reflect differences in community composition, as BSi was proportionately
higher at lower temperatures where highly silicified species, like those from the genus
Chaetoceros, were more prevalent. However, our results, as well as previous studies with
the centric diatoms Thalassiosira pseudonana and Coscinodiscus sp. also suggest cellular
silicification may decrease with temperature, independent of taxonomic changes,
resulting in thinner frustules at warmer temperatures (Qu et al. 2018; Sheehan et al.
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2020).
Conclusion
In this experiment, nutrients were the primary driver of community dynamics in
these cold-adapted phytoplankton. When nutrients were present, rising temperature acted
as an enhancer, increasing phytoplankton community growth rates. When nutrients were
limiting, warming acted as a stressor, depressing growth rates and altering species
proportions. However, temperature alone was not sufficient to impose species selection.
While temperature can be a powerful environmental filter (Thomas et al. 2016), the scale
of the thermal gradient examined in this experiment did not significantly alter species
makeup, suggesting that these phytoplankton were well-adapted to the thermal range
examined. But because the temperature-nutrient interplay can be either synergistic or
antagonistic, considering temperature and nutrients in tandem may prove beneficial when
making spatial and temporal projections (Thomas et al. 2017). For example, in the
instance of a marine heat wave, which are predicted to increase in frequency with climate
change (Oliver et al. 2019), assessing the nutrient field in which the pulse or heat wave
occurs could allow for more accurate predictions about the phytoplankton growth
response, community size structure, elemental stoichiometry, and potentially even
provide some insight to the taxa which could proliferate. Each of these factors has
implications for trophic dynamics, carbon flux, and biogeochemical cycling (Finkel et al.
2010). Thus, efforts to disentangle the phytoplankton response to multiple stressors and
highlight variable interactions, such as this temperature-nutrient interplay, better
represent the complex conditions phytoplankton experience in the natural environment.
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Figure 1. Schematic of experimental design. Incubations were conducted in triplicate at
three temperatures and two nutrient concentrations. Nutrient treatments included dilutions
with either 0.22 µm filtered seawater collected on the day of experiment initiation
(Nutrient limited) or nutrient amended seawater (Nutrient replete; 32 µM nitrate, 32 µM
silicate, 2 µM phosphate).
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Figure 2. . Community size structure for whole phytoplankton communities. Proportion
of chlorophyll a from each size fraction is shown from the initial community and after the
10-day incubation (final community) under each nutrient and temperature treatment.
Black triangles denote mean total chlorophyll a concentration and error bars display the
standard deviation of triplicate incubations.
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Figure 3. Community composition discerned via microscopy. Proportions of species
representing at least 1% of the community in at least two treatments are shown for the
initial community and after the 10-day incubation (final community) under each nutrient
regime. All remaining species pooled and represented as "other." Black triangles denote
mean total abundance and error bars display the standard deviation of biological
triplicates.
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Figure 4. Community diversity cluster analysis for final phytoplankton communities
from incubation experiments. Ward clustering of a Jaccard dissimilarity matrix, utilizing
microscopy presence-absence count data, revealed nutrients (+ replete; - limited) were the
primary driver of species composition. Significant groupings included the following:
nutrient limited controls, nutrient replete treatments, and the initial community.
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Figure 5. Percent change in community intrinsic growth rates (growth in the absence of
grazing) from experiment onset (days 0-3) to the final dilution (days 6-10) for each
treatment. Bar height denotes mean percent growth change and error bars display
standard deviation for triplicate incubations. Under nutrient replete conditions, warming
is beneficial to phytoplankton growth, while under nutrient limitation, warming adds a
secondary stress, reducing growth; together illustrating the complex nature of the
temperature-nutrient interaction.

135

1.5

Temperature

tb−RDA2 (10.3%)

1.0

0.5
L.m.

T.spp.

0.0

S.spp

C.c

Nutrients

Initial Community
C.spp.
−0.5

−1.0

−1.5
−1.0

−0.5

0.0

0.5

1.0

1.5

tb−RDA1 (14.6%)

Figure 6. Transformation-based redundancy analysis (tb-RDA) of final phytoplankton
communities assessed via microscopy counts. Points denote community composition for
triplicate treatments at -0.5ºC (blue), 2.6ºC (yellow) and 6ºC (red) under nutrient
amendments (filled triangles) or nutrient limitation (open triangles). Star shows initial
phytoplankton community and grey ellipses indicate k-means clusters (n clusters = 2;
Silhouette method). Species of interest are shown in grey (C.c.: Chaetoceros curvisetus;
C.spp: Chaetoceros species; L.m.: Leptocylindrus minimus, S.spp.: Skeletonema species,
T.spp.: Thalassiosira species).
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Figure 7. Whole community final carbon to nitrogen (C:N, A) and biogenic silica to
carbon (BSi:C, B) ratios from the incubation experiments. Left panels show elemental
ratios of source water and the error bars denote the standard deviation of biological
triplicates.
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Figure 8. Summative diagram of the respective roles of temperature and nutrients in
structuring a cold-adapted spring phytoplankton community (a). Nutrient
amendments/limitation resulted in species sorting which modified community size
structure (b). The temperature response of the communities was strongly dependent on
nutrient status with growth rates, decreasing under nutrient limitation and increasing with
nutrient amendments. Together, the temperature-nutrient interaction impacted community
biomass and changed species proportions (c). Arrow size denotes magnitude of
environmental variable effect on community. Phytoplankton images courtesy of the
Integration and Application Network, University of Maryland Center for Environmental
Science (Saxby 2004).
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Table S1. Results from statistical analyses comparing phytoplankton community size
structure by treatment. For ANOVA, degrees of freedom (df) are listed as between and
within groups. The t or f statistic is given for the t-test or ANOVA, respectively.
Significance of test is indicated with an asterisk (alpha=0.05).
Test

Variables

df

two-sample t-test

µg/L chl >20 µm ~ nutrient treatment

16

t/fstatistic
-3.825

two-sample t-test

µg/L chl 5-20 µm ~ nutrient treatment

16

-2.095

0.0524

two-sample t-test

µg/L chl 0.7-5 µm ~ nutrient treatment

16

-1.370

0.1895

One-way ANOVA

µg/L chl >20 µm ~ temperature

2,15

2.486

0.1168

One-way ANOVA

µg/L chl 5-20 µm ~ temperature

2,15

1.475

0.2602

One-way ANOVA

µg/L chl 0.7-5 µm ~ temperature

2,15

0.434

0.6558

One-way ANOVA

total µg/L chl (replete nutrients) ~ temperature

2,6

532.557

<0.0001*

One-way ANOVA

total cell abundance (replete nutrients) ~
temperature

2,6

57.101

0.0001*
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p-value
0.0015*

Table S2. Results from two-sample t-tests examining phytoplankton species abundance
by nutrient treatment. Data is shown for species which represented at least 1% of the total
community in at least two incubations. Significance of test is indicated with an asterisk
(alpha=0.05).
Variables

df

Cerataulina pelagica ~ nutrient treatment

16

-1.174

0.2578

Chaetoceros compressus ~ nutrient treatment

16

-3.542

0.0027*

Chaetoceros diadema ~ nutrient treatment

16

-2.267

0.0376*

Chaetoceros spp. ~ nutrient treatment

16

-3.993

0.0010*

Dactyliosolen fragilissimus ~ nutrient treatment

16

3.783

0.0016*

Guinardia delicatula ~ nutrient treatment

16

-3.158

0.0061*

Leptocylindrus minimus ~ nutrient treatment

16

-1.837

0.0849

Phaeocystis spp. ~ nutrient treatment

16

-4.46

0.6516

Psudonitzchia spp. ~ nutrient treatment

16

-0.233

0.8184

Skeletonema spp. ~ nutrient treatment

16

-3.402

0.0036*

Thalassiosira spp. ~ nutrient treatment

16

-3.506

0.0029*
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t-statistic

p-value

Table S3. Pearson’s correlations for elemental composition with temperature.
Significance of correlation is indicated with an asterisk (alpha=0.05).
Model

Pearson’s r

BSi:C ~ temperature

p-value

-0.42

0.0813

C:N (limited nutrients) ~ temperature

0.08

0.0092*

C:N (replete nutrients) ~ temperature

-0.98

<0.0001*

POC (limited nutrients) ~ temperature

0.87

0.0022*

POC (replete nutrients) ~ temperature

0.85

0.0038*

PON (limited nutrients) ~ temperature

-0.16

0.6767

PON (replete nutrients) ~ temperature

0.89

0.0014*
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Figure S1. In vivo fluorescence measured over the course of the 10-day incubation
experiment. Incubations underwent dilutions with amended seawater on days 3 and 6 to
maintain exponential growth. Points and lines represent fluorescence measurements from
each dilution and error bars display standard deviation of triplicate measurements.
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Figure S2. Size distribution of phytoplankton communities <10 µm for all treatments.
Forward scatter (FSC), a proxy for cell size, was bimodally distributed and significantly
different between all treatments (Mann Whitney U, p<0.01). Mean size was inversely
related to both temperature and nutrient concentration.
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Figure S3. Temperature and nutrient effects on species (>10µm) evenness. Both
increased temperature and nutrient limitation significantly decreased species evenness
(p<0.05) in this spring phytoplankton community. Points denote mean Pielou’s evenness
from triplicate treatments and error represents standard deviation.
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Figure S4. Species richness in relation to A) experimental temperature and B) total cell
abundance as determined via microscopy counts. Points denote mean values for
biological replicates and error bars signify standard deviation.
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Figure S5. Whole community particulate organic carbon (A), particulate organic nitrogen
(B), and biogenic silica (C) from the incubation experiments. Left panels show elemental
ratios of source water and the error bars denote the standard deviation of biological
triplicates.
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Figure S6. Total nitrogen and silica concentrations over the 10-day incubation for
nutrient amended treatments. Point denotes mean concentration of biological replicates
and error bars display standard deviation.
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Figure S7. Narragansett Bay (NBay) in situ phytoplankton communities on the day of
experiment initiation (20 March 2017) and in the weeks following. In situ temperatures
were 2.6, 3.6 and 4.8ºC, respectively. Similar to our nutrient limited controls,
Leptocylindrus minimus became the dominant phytoplankton species in NBay, suggesting
the phytoplankton community may have become increasingly nutrient limited in the
weeks following our experiment.

149

CHAPTER 5
DISCUSSION
By
Stephanie I. Anderson
Graduate School of Oceanography, University of Rhode Island, Narragansett, RI, 02882

150

Discussion
The phytoplankton thermal response is vast, inciting changes at the elemental and
cellular levels that have global biogeochemical implications. The thermal response alters
growth (Eppley 1972), nutrient acquisition (Raven and Geider 1988), contributes to
seasonal succession (Karentz and Smayda 1984; Anderson and Rynearson 2020), and
largely dictates species distributions across marine environments, with species assorting
by their thermal optima on a global scale (Thomas et al. 2012, 2016). Despite what is
known, the impacts of each of these processes on phytoplankton community dynamics
remain largely undefined due to the complexity of marine and biological systems. This
dissertation sought to divulge mechanisms for phytoplankton community change by
examining the role of thermal trait variability 1) on phytoplankton temporal dynamics, 2)
on the capacity for warming in a future ocean, and 3) to discern how the role of
temperature may be impacted by other environmental variables, namely nutrient
availability.
Understanding the mechanisms which govern phytoplankton communities can
provide insight into larger scale oceanographic processes that may be subject to thermal
fluctuations. For example, thermal impacts on phytoplankton metabolism could result in
altered global primary production (Dutkiewicz et al. 2013). Similarly, thermal changes
that amend phytoplankton community size structure or taxonomic composition, both of
which impact food quality (Dickman et al. 2008), could have implications for marine
trophic efficiency. These considerations are relevant with climate change, as sea surface
temperatures are projected to increase by an average of 1-4ºC by 2100 (Pachauri and
Meyer 2014), as well as with smaller-scale thermal events, such as in seasonal
oscillations or marine heat waves, which are projected to become more frequent in the
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future (Oliver et al. 2019). To better understand the fate of ecosystem stability and
productivity, it’s critical to assess phytoplankton and the diverse thermal traits which they
possess (Vallina et al. 2017).
The work presented here developed our knowledge of phytoplankton thermal
traits and their ecological relevance. Based on laboratory and modeling studies, we
presented the first substantiation of thermal trait driven seasonal succession in diatom
species, principal contributors to marine productivity (Falkowski et al. 1998), and
provided evidence for how these community shifts may modify biogeochemical cycles
and trophic dynamics (Anderson and Rynearson 2020). This provides valuable insight
regarding the role of the fundamental niche space in regulating diatom community
dynamics. This study utilized Narragansett Bay, RI, to draw conclusions, employing
previous diatom community characterizations (Canesi and Rynearson 2016) and
benefiting from a long term plankton time-series (https://web.uri.edu/plankton/), which
allowed for unprecedented comparisons of model and field data, enabling us to draw
broad conclusions relevant to the oceanographic community.
With the knowledge that small differences in thermal traits can have large impacts
on phytoplankton communities, we broadened our scope to evaluate disparate
phytoplankton taxa. Using a meta-analysis of thermal growth data, we documented the
diverse thermal dependencies that exist among phytoplankton taxa and illustrated the
impact these varied responses may have on growth rates and community structure in a
future warmer ocean. Our work challenged a long-held paradigm in ocean sciences
regarding the relationship between temperature and phytoplankton growth (Eppley 1972)
that has been implemented in modeling studies over the last 50 years to estimate or
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project primary production (Taucher and Oschlies 2011; Prowe et al. 2014; Laufkotter et
al. 2015) and community structure (Dutkiewicz et al. 2013, 2015) in the world’s oceans.
However, the established metric did not account for the vast phylogenetic diversity that
constitute the phytoplankton, and employing it universally has resulted in coarse
estimations of ecological processes in the global ocean.
Utilizing empirical data, we reexamined this paradigm and separately evaluated
the thermal dependency of four principal phytoplankton functional types (PFTs).
Together these four PFTs generate the vast majority of global marine primary production.
Using modeled sea surface temperatures from 1950-1970 and 2080-2100, we explored
potential alterations to the growth rates and global geographical distributions of each
PFT. Contrary to the work of Eppley (Eppley 1972), our data suggest phytoplankton taxa
are characterized by different temperature coefficients (Q10), which would drive
dissimilar responses to thermal change. In a future ocean, our projections indicate growth
rates would be differentially impacted between phytoplankton functional types and across
latitudes, suggesting community structure and many biogeochemical processes (e.g.
carbon export and nutrient cycling) may be altered.
This has implications for several disciplines. First, the meta-analysis conducted
will enable physiologists to examine more deeply the relationship of growth rate to
temperature. Satellite oceanographers and modelers of the present day ocean will find our
analysis of disparate thermal dependencies among phytoplankton taxa important because,
in addition to the previously referenced models that make projections regarding diversity
and primary production, the Q10 is commonly employed in estimations of net primary
production from satellite-based chlorophyll (Behrenfeld et al. 2005) and in standardizing
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the effect of temperature on phytoplankton growth (Chen and Liu 2010). Finally, because
of its widespread usage, incorporation of PFT-specific thermal dependencies, like those
provided by our characterizations, would allow researchers focused on the effects of
climate change (including those that generate the models used by the Intergovernmental
Panel on Climate Change) to better predict primary production in a future, warmer ocean.
One of the challenges in assessing biological systems is making them relevant to
the natural world. While univariate manipulation experiments, such as the ones presented
in this body of work, provide a wealth of knowledge on physiological processes, they do
not reflect the complex conditions that phytoplankton experience in marine systems,
leaving uncertainty about the interactive role of environmental variables in shaping
phytoplankton diversity (Boyd and Hutchins 2012; Boyd et al. 2018). To address this, we
chose to conduct a multivariate study, incorporating another ecologically relevant
environmental driver, nutrients (Redfield 1958). In a mesocosm study with a natural
phytoplankton community, we examined the separate and interactive effects of
temperature and nutrients phytoplankton physiology and diversity.
Our results suggest nutrients may have a greater role than temperature in
determining species presence, but together, the two variables interact to drive community
composition. As selective filters, nutrients and temperature alter phytoplankton
community size structure, species composition, and proportional makeup, with
implications for trophic dynamics, carbon flux, and biogeochemical cycling (Finkel et al.
2010; Moreno and Martiny 2018). Additionally, our findings indicate that the thermal
effect is largely dependent on resource availability, with warming depressing growth
under nutrient limitation and enhancing growth when nutrients are replete. This is
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relevant when assessing both field and experimental results. For instance, the thermal
experiments conducted within this body of work, as well as within most thermal trait
studies, utilize optimal conditions, when nutrients are non-limiting. Though results from
these studies are readily applied to global systems to decipher how temperature may
impact biodiversity (i.e. Thomas et al. 2012), it would be reasonable to presume that with
greater nutrient limitation, as projected for the future (Dutkiewicz et al. 2013), thermal
impacts on physiology would be far more severe. Moreover, when the effects of
temperature on phytoplankton dynamics are examined in field studies, such as across
seasonal cycles, it is crucial to consider the nutrient field in which the temperature
changes are occurring, as they can readily impact the perceived thermal effect.
Collectively, this work advances our understanding of temperature as a driver of
phytoplankton community dynamics. We showcase the thermal traits phytoplankton have
evolved to carve out their environmental niche, and illustrate how small differences in
thermal traits can lead to varied temporal occurrences in the field. We elucidate the varied
thermal dependencies phytoplankton taxa exhibit and project how these differences may
influence communities in a future ocean. Lastly, we reveal how temperature and nutrients
interplay to drive phytoplankton diversity. Together, our results solidify the role of
temperature in shaping phytoplankton communities and provide new metrics and
methodologies which can be employed in subsequent empirical and modeling studies,
bettering our phytoplankton predictive capacity under thermal change.
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APPENDIX
A. Locations where data from this body of work may be downloaded.
Chapter

Dataset

Location

2

Thermal growth data

doi:10.1575/1912/bco-dmo.774996.1

Elemental data

doi:10.1575/1912/bco-dmo.780386.1

PFT thermal growth rates

doi:10.26008/1912/bco-dmo.839696.1

PFT thermal capacities

doi:10.26008/1912/bco-dmo.839713.1

PFT modeled thermal traits

doi:10.26008/1912/bco-dmo.839689.1

All data

Data will be made available on the
Dimensions project page:

3

4

www.bco-dmo.org/project/712787
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B. Locations where code used to analyze data from this body of work may be
downloaded. Final versions will be archived at Zenodo.
Chapter

Location

2

https://github.com/sianderson/variability_thermal_limits

3

https://github.com/sianderson/PFT_thermal_response

4

Code will be made available on GitHub:
https://github.com/sianderson
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